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In the scientific community, every- 
one’s position is sovereign, accord- 
ing to Michael Polanyi; science 
dissolves under the control of hierar- 
chical authority. In his introduction 
to the latest edition of Science, Faith, 
and Society, Polanyi makes it clear 
that his idea applies to ‘“‘economics, 
sociology, and the humanities” as 
much as to what we sometimes call 
the hard sciences. Scientists work 
under what Polanyi calls a ‘“‘perpe- 
tual tension between discipline and 
originality.” Discipline requires appli- 
cation of accepted rules; originality 
requires taking actions not deter- 
mined by rules. “‘From beginning to 
end [the scientist] is himself the 
ultimate judge in deciding each con- 
secutive step in the inquiry.’’ The 
scientific community would dissolve 
instantly, according to Polanyi, if 
independence and the opportunity 
for originality and personal judg- 
ment were to end. 

The articles in this issue illustrate 
originality and judgment in USDA’s 
economics research. The authors 
examine a new operational defini- 
tion of an old concept, a new admix- 
ture of research procedures, a new 
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procedure for assessing change, and a 
new data source. 

The idea of causality has attracted 
much attention over the centuries in 
philosophy and science. Side-stepping 
the traditional arguments, Bishop 
uses an operational definition of 
causality that has been in the litera- 
ture for only a decade. The idea 
centers on an interpretation of lead 
variables in regression analysis in 
combination with conventional lag 
variables. Bishop’s statistical tests 
find, for example, that the money 
supply is causally related to a change 
in the general price level. 

Demand and supply functions are 
notoriously hard to identify, given 
the availability of relevant data and 
the present state of the econometric 
art. Lamm avoids this identification 
problem by using what he calls a 
pseudodata set which is generated 
by a stochastic process through a 
linear programming model. His 
supply function, estimated from this 
pseudodata set, is then mixed with a 
set of demand relationships estimated 
by the usual econometric techniques. 

Market structures are known to 
change over time, yet researchers 


setting up models of the demand and 
price for agricultural commodities 
tend to assume structural stability so 
that parameters can be estimated 
more easily. Hassan and Johnson 
examine two statistical tests which 
have been proposed for assessing 
structural change. Their study of 
time series data for Canada suggests 
most meat demand functions tend to 
be structurally stable but that an 
important structural change in 1969 
in the beef market could introduce 
difficulties into models which, a 
priori, assume there was no such 
change. 

Time series data are frequently 
too short, so a discovery that un- 
tapped but potentially useful obser- 
vations are available on prices and 
quantities is always welcome. Tomek 
shows that using USDA’s forecasts of 
crop production. and corresponding 
futures prices—a procedure which 
provides up to five price-quantity 
observations per year—conveys more 
information about the demand for a 
crop than the single, final crop esti- 
mate and final price. 


CLARK EDWARDS 
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The Construction and Use 
of Causality Tests 


By Robert V. Bishop* 








INTRODUCTION 


The researcher, in setting up a 
research approach to the subject 
matter, must specify the appropriate 
cause and effect relationship based 
on theoretical grounds. In the simple 
relationship Y equals f(X) estimated 
by ordinary least squares, the research- 
er assumes that changes in Y (the 
dependent or endogenous variable) 
are caused by changes in X (the inde- 
pendent or exogenous) variable. This 
relationship represents the traditional 
Aristotelian view of causality. 

Granger (7) has provided a defini- 
tion of causality that lends itself to 
empirical testing procedures, and that 
allows the researcher to examine the 
underlying causal structure among 
economic time series.’ He assumes 
that (1) the variables being tested 
result from stochastic (rather than 
deterministic) processes, (2) the 
series are stationary,’ and (3) the 
future cannot cause the past. The last 
assumption has given rise to some 
controversy since time plays a central 
role in his definition. Cause and 
effect must, by definition, be tempo- 
rally separated. 

If we examine an information set 
of two variables X and Y, the possi- 
ble causal orderings are: 


*The author is an economist in the 
international Economics Division, ESCS. 

1Italicized numbers in parentheses 
refer to items in References at the end of 
this article. 

? A stationary series can be defined as 
one in which the stochastic properties do 
not vary over time. For example, if Y is 
stationary, then E(Y;) equals E(Y4+7»); 
the mean of the series does not change 
over time. The variance and covariance of 
the stationary series also are invariant with 
time. For a discussion of the assumptions, 
see Granger (7, p. 428). 


A modified Sims’ test which bypasses 
the traditional Aristotelian causality can be 
used to determine the appropriate causal 
ordering among important economic varia- 
bles. This test can provide valuable insight 
into many economic relationships, thereby 
providing additional information for 
policy application and model formulation. 


Keywords: 


Statistical exogeneity 
Causal ordering 
Empirical filtering 
Autocorrelation 
Bidirectional feedback 
Unidirectional causality 








X causes Y (X>Y), 

Y causes X (Y>X), 

X and Y cause each other (bi- 
directionally) (X*Y), 

no causal relationship exists. 

The purpose of this article is to 
describe an empirical test that can be 
used to identify the appropriate 
causal ordering—(1) through (4) 
above—in the bivariate information 
set under consideration. | give 
specific examples of agricultural 
research to which this test could be 
applied as a brief list of potential 
applications. 

The relationship between pro- 
ducer price of a commodity and the 
price of that good at the wholesale 
or retail level exemplifies a situation 
in which this test is well suited. Some 
assume that changes in prices at the 
farm level lead to changes in whole- 
sale and/or retail prices. Others 
assume that, because of the nature 
of the food processing industry, no 
strong relationship exists between 
producer and retail food prices. The 
technique I present represents one 
avenue for empirically examining 
such structures. 

Another interesting application 
involves the question of price trans- 


mission among countries. If one 
defines a world price as one that 
“drives’’ other prices, one could 
determine which price, if any, is the 
world price, as well as discern wheth- 
er a causal structure exists (whether 
prices are transmitted among regions). 
Other possible applications in- 
clude: testing for the effect of set- 
aside programs on market price; and 
examining the appropriateness of 
single-equation estimation techniques 
for demand or supply functions. 


GRANGER’S 
DEFINITION 
OF CAUSALITY 


If the true causal structure is Y>X, 
the researcher should regress X on Y 
(X equals f(Y)). The importance of 
the appropriate relationship is im- 
mediately seen when one introduces 
a distributed-lag structure into the 
model: 


where X is hypothesized to be a func- 
tion of past values of Y (the inde- 

pendent variable). This definition 

provides the researcher with the 

appropriate structural specification; 
whether the model under test is cap- 
tured properly by a single estimating 
equation or by a system of equations. 
For example, if the appropriate rela- 
tionship is Y*X (Y and X cause each 
other bidirectionally), the system is 
simultaneous and, consequently, 

some system estimation technique is 
indicated. If the true relationship is 
XY and a system estimation tech- 
nique is employed, the results would 
be markedly similar to a single- 
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Granger has provided a definition of 
causality that lends itself to empirical 


testing procedures, and that allows the 


researcher to examine the underlying 


causal structure among economic time 


series. 








equation estimation of Y equals f(X). 
This result is important, as one criti- 
cism of system estimation is that the 
results are similar and therefore the 
additional computational costs are 
not justified. However, given the 
potentially serious problem with 
simultaneous equations bias when a 
simultaneous system is estimated by 
a single-equation method, it is impor- 
tant to ascertain the causal structure. 
The formal definition of causality 


If o? (XIU) < o? (X/U-Y), we 

say that Y is causing X, denoted 

by ¥ > X}. We say Y, is causing 

X, if we are better able to pre- 

dict X, using all available infor- 

mation than if information apart 

from Y, has been used (7, p. 428). 
In other words, the variable Y 
causes X with respect to the informa- 
tion set (U), which includes both X 
and Y, if, and only if, the present 
value of Xis predicted better by using 
the past values of Y than if these 
values had not been used (denoted 


above as U-Y). 


EMPIRICAL TESTING 
FOR CAUSAL 
ORDERING 


Sims provides the empirical con- 
tent needed for the application of 
causality tests based on Granger’s 
criterion. The test he prepared is: 

If and only if causality runs one 

way from current and past 

values of some list of exogenous 

variables to a given endogenous 

variable, then in regression of 

the endogenous variable on past, 

current, and future values of the 

exogenous variables, the future 
values of the exogenous variables 
should have zero coefficients 

(21, p. 541). 


Using the information set contain- 
ing observations on X and Y, we can 
conduct Sims’ test as follows: 

Regress Y on past and future 

values of X, taking account by 

generalized least squares or pre- 

filtering of the serial correlation 

in w(t) (the regression residuals). 

Then if causality runs from X to 

Y only, future values of X in the 

regression should have coeffi- 

cients insignificantly different 

from zero as a group (21,p.544). 

The prefiltering referred to here is 
accomplished by creating a vector of 
observations through the use of the 
following transformation on both 
variables: 


(In X (t) - 1.5 In X (t-1) 
+ 0.5625 In X (t-2) (1) 


which is a second-order filter of the 
general form: 


(1 - kL)? 


where: 


k is set equal to 0.75, and 
L is the lag operator. 


Sim’s choice of k = 0.75 in the 
general form was based on the obser- 
vation that this filter “approximately 
flattens the spectral density function 
of most economic time series, and 


>The lag operator (L”) defines the 
number of periods (n) that the observa- 
tions are lagged in transforming the data 
series. For example, the transformation 
(1-L) of the series Z; is Zf = Zz — Zt-] 
(where Zz; is the transformed series). The 
power to which (L) is raised defines the 
exact number of included lags: (1+L—L? ) 
Zt implies a transformation of Z; = Z 
+ Zt-1 — Zt-2. 


the hope was that regression residuals 
would be very nearly white noise 
with this prefiltering.’’* The filtering 
(or prefiltering) referred to above is 
an empirical device used to remove 
the autocorrelation in the error struc- 
ture. An example of a simple first- 
order filter is first differencing (1-L); 
another is the filter used in the 
Cochrane-Orcutt iterative technique 
(1- pL). 

In assessing the effectiveness of 
the prefilter, Sims warns that one 
should not rely on the Durbin- 
Watson statistic. He notes that the 
Durbin-Watson statistic fails to test 
adequately for this because auto- 
correlation remaining after the appli- 
cation of this filter would most likely 
be of an order greater than one. A 
method of testing for higher orders 
of autocorrelation in the error struc- 
ture is to perform a general auto- 
regression on the residuals. Finding 
statistically significant coefficients 
leads to the rejection of the null 
hypothesis of no autocorrelation.‘ 

If the prefiltering fails to remove 
the serial correlation adequately, the 
effect can be viewed as one of “‘spu- 
rious regression,’’ as discussed by 
Granger and Newbold (9). The esti- 
mates of the coefficients will be 
consistent, but there will be bias in 
the estimates of their variances. If 
this bias results in the underestima- 


“Mehra (13) disputes this observation, 
stating that the filter that flattens the 
spectral density function of Y = f(X) will 
not necessarily do so for X = (Y). 

5 Significant coefficients on lags greater 
than 2 identify the presence of autocorre- 
lation of order greater than 2. In this case, 
a filter of higher order is needed to purge 
the autocorrelation. If the coefficient on 
€r-3 is significant, a third-order filter is 
needed (such as (1—-kL)*). 











tion of the variance (downward bias), 
the ‘‘t’”’ and “‘F”’ statistics, as well as 
the R’, will be biased upwards. This 
bias could lead to the ‘‘identification” 
of nonexistent causal relationships. 

Note that if the bias is in the oppo- 
site direction, the significance of the 
relationship will be underestimated; 
thus, the test would fail to identify 
an existing causal relationship. The 
filter must remove as much of the 
autocorrelation in the regression 
residuals of the transformed series as 
possible. Note that the filter does not 
necessarily have to remove the auto- 
correlation present in the trans- 
formed input series themselves (of 
the bivariate system under test) (15, 
pp. 22-23). 

Sims warns that the lag distribu- 
tion should not be subject to prior 
smoothness constraints (such as 
Almon’s, Koyck’s, or rational lag 
restrictions) but be kept “generous.” 
Premature truncation of the lag dis- 
tribution can also lead to incorrect 
identification of causal ordering in 
the system under test. At the same 
time, one must recognize that the 
inclusion of additional leads and lags 
of the “independent” variable can 
lead to problems of multicollinearity 
in the variables. The lead and lag 
structure must be such that the 


hypothesized relationship is captured. 


For example, if X causes Y with a lag 
of 6 months, lags covering at least 


that period of time must be included. 


Using the prefiltered series, Sims 
examined the direction of causality 
between money and gross national 
product. Sims states that: 

the test applied in this paper 

shows (that) no feedback from Y 

to X is a necessary condition for 

it to be reasonable to interpret a 


distributed lag regression of Y on 
current and past X as a causal rela- 
tion or to apply any of the com- 
mon estimation methods involv- 
ing the use of lagged dependent 
variables or corrections fer serial 
correlation. Hence the most con- 
servative way to state the results 
for money and income is that they 
show it to be unreasonable to 
interpret a least squares lag distri- 
bution for money on GNP as a 
causal relation, and that they pro- 
vide no grounds for asserting that 
distributed lag regressions of GNP 
on money do not yield estimates 
of a causal relation. It is natural, 
and I believe appropriate, to 
phrase the result more positively: 
the data verify the null hypothesis 
that distributed lag regressions of 
GNP on money have a causal inter- 
pretation (2/1, pp. 541-542). 


Sims rejects the null hypothesis 
that “‘distributed lag regressions of 
GNP on money do not yield esti- 
mates of a causal relation.” The 
“stronger” statement arises from the 
acceptance of the alternate hypoth- 
esis that: “distributed lag regressions 
of GNP on money have a causal inter- 
pretation.” 


procedure to determine the appropri- 
ate value of & is as follows: 


Form an appropriate specification 
of the two-sided lag relation under 
test, and include a linear trend 
term and seasonal dummies. Use 
some ad hoc filter (he suggests 
k=0.75) to prefilter the variables. 
Apply OLS to estimate the lag 
profile. 


Examine the autoregressive prop- 
erties of the residuals by perform- 
ing the following autoregression 
(where e(t) is defined as the resi- 
dual in period (t)): 


e(t) = B(1) e(t-1) 


+ B(2) e(t-2) 


If the preceding autoregression 
indicates that the error structure 
is uncorrelated, the choice of the 
ad hoc value of k is appropriate 
for the specification under test 
(B(1) and B(2) are statistically 
insignificant). 


If the autoregression indicates 
the presence of some serial 
correlation, the value of & is 
changed and the procedure is 
repeated (13, pp. 1,230-1,231). 


The proper filter for the function 


Mehra suggests that the choice of of Y equals f(X), is not necessarily 


an ad hoc filter is not necessarily 
appropriate, nor is the same filter 
necessarily appropriate when the 


the same as the filter for X equals 


f'(¥). 


Once the appropriate value of k is 


regressor and regressand are reversed chosen for both specifications, the 
in the estimation procedure (13). He transformations on the raw data 
suggests that the following procedure series are performed as follows: 


be used to define empirically a filter 
which removes the autocorrelation 
from the residuals for the causality 
tests. This filter, assumed to be of the 
second order, has the same general 
form as the one presented by Sims 
(21) [(1-kL)?]. However, the value 
of & is not defined ahead of time but 
is chosen empirically to eliminate the 
presence of serial correlation. The 


Y? = Y,- 2kY,_) 


and 


’ 
X; ys 2k Xp-] 





If expectations of future movements 
in one variable affect the movements 
of another variable, the direction of 
causality is affected. 








One estimating equation for test- 
ing the null hypothesis that X causes 
Y (XY) is: 


where: 


i= 4 and m = 8; D,Do, and Dg 
are seasonal dummies; 
LT is a linear trend term. 


If leading values of of 
where s<0) are significantly different 
from zero as a group, we fail to reject 
the null hypothesis that Y causes X. 
In this instance, future values of X 
are significant in explaining current 
Y. Note that this is a necessary but 
not sufficient condition for establish- 
ing a unidirectional causal link from 
Y to X as for a unidirectional system 
we need Y>X and X*Y. Therefore, 
for sufficiency, X must not cause Y 
(X*Y). If the second condition is not 
met, X also causes Y and a bidirec- 
tional feedback system has been 
identified. 

One limiting factor in the applica- 
tion of such tests is that many 
observations are lost through leading 
and lagging. Realistically, one must 
provide a sufficient number of leads 
and lags to encompass the hypothe- 
sized temporal distance between 
cause and effect. The examples here 
suggest eight lags and four leads. 
These are for quarterly data and seem 
reasonable. For annual data, they are 


4 


excessive. One can use different spe- 
cifications of lead and lag length and 
note the sensitivity of the model to 
the chosen truncation. 

The series are transformed using 
the appropriate values of k (see equa- 
tions (2) and (3) above). Equation (5) 
is defined using the identical form 
of (4) but interchanging the depend- 
ent and independent variables: 

= - 
i A ee 


5 
X; <5 ae s 
s=-t 


Ao + 5 


Fs CGD; + Fy LT 


Vy (5) 


where all variables are as described for 
(4) above. 

To examine the causal structure 
between X and Y given the possible 
causal outcomes of: (1) Y>X; 

(2) X>Y; (3) XY; and (4) no causal 
relationship, we estimated the follow- 
ing relationships: 


f(X;: 8 past, present, 
4 future), 
f(X;: 8 past, present), 
f(Y;: 8 past, present, 
4 future), 
f(Y;: 8 past, present). 


¥" 
X;= 


X= 


where (A) - (D) also include seasonal 
dummies and linear trend terms. An 
F test is constructed as: 


_ SSE,-SSE,,/(9-p) 
SSE, /(n-@) 





where the terms are defined as 
follows: 


SSE,. is the sum of squared resid- 


uals in regression (B), 
SSE, is the sum of squared resid- 

uals in regression (A) 

q equals the number of param- 
eters estimated in regres- 
sion (A), 

p is the number of param- 
eters estimated in (B), and 

n equals the number of obser- 
vations. 


Under the null hypothesis that the 
four future coefficients are insignifi- 
cantly different from zero as a group 
in the F test performed above, the 
computed F is compared with the 
table F for the appropriate degrees of 
freedom at the desired level of sig- 
nificance. If the null hypothesis is 
rejected for Y on X, future X is sig- 
nificant in explaining current Y. In 
this case, a Granger-Causal ordering 
is established from Y to X. The test 
is repeated for X on Y. 

Table 1 clarifies these regressions 
(3, pp. 34-43). M represents the 
narrowly defined money stock (Mj) 
and CPI refers to the Consumer Price 
Index. Fourth-order autoregressions 
of the residuals of the estimating 
equations in table 1 yielded insig- 
nificant coefficients on all terms. 
From table 2, a unidirectional causal- 
link is found from money to prices in 
1951-76. 


LIMITATIONS 
AND CAVEATS 


Sims noted that if expectations of 
future movements in one variable 
affect the movements of another vari- 
able, the direction of causality is 
affected (21). He does qualify this 
somewhat by stating that if this were 
the case, a unidirectional system 
would more likely appear bidirec- 





The technique described above presents 


a method of empirically testing 
the hypothesis that B does cause A 
rather than making the assumption 

that it does. 








Table 1.—Results of regressions used in the causality test 





Regression DW 


F R? SEE 





1.95 
2.03 
185 
1.97 


CPi = f(M, past)! 

CP! = f(M, 8 past, 4 future)! 
M = f(CPI, 8 past)? 

M =f (CPI, 8 past, 4 future)? 


157 
182 
14.06 
1287 


0.19 
27 
66 
71 


0.00431 
00419 
00470 
00450 





Note: 
dummies, and a linear trend term. 


All regressions contained the current value of the regressor, seasonal 


1 Prices on money used a complex fourth-order filter [(1-KL)*] because of 
higher order autocorrelation in the error structure. For construction of this 
complex filter, see (3, pp. 34-37). ? Money on prices used a second-order filter. 


Table 2.—F test on four future 
coefficients’ 





Causal 


pattern Regression F (4,83) 





75.090 
2.30 


M=CPI 
CPiI=M 


M on CPI 
CPlionM 





1M on CPI utilized second-order 
filter; CP! on M used a fourth-order 
filter. ? Significant at the 0.05 level. 


tional than a bidirectional system 
appearing unidirectional. Pierce 
warns that if measurement error or 
added noise (including seasonality 
when it is so viewed) are present, the 
test is not appropriate: 

If X=X(1) + X(2) and Y=Y(1) 

+Y(2), all components being sta- 

tionary, it may well be that differ- 

ent causality events will hold for 

X(1) and Y(1) than for X and Y 

(15, pp. 41-42). 

If we assume that X (or Y) is the 
measured value of a series, X(1) (or 
Y(1)) the true value, and X(2) (or 
Y(2)) the measurement error, we can 
see easily the problem associated with 


the interpretation of the causality 
test. Sims suggests that if the mea- 
surement error is large in one variable 
and not in the other, the other would 
be more likely to appear exogenous 
if the variable with the larger error 
appears as dependent.® 

Pierce and Haugh offer a warning 
in the special case where one variable 
is being “‘controlled:”’ 


Under some fairly general condi- 
tions in which an independent 
variable can be controlled or influ- 
enced by someone who does so 
on the basis of movements in a 
dependent variable Y, the feed- 
back control rule or reaction func- 
tion can dominate the empirical 
relationship. This would result in 
reporting that Y causes X (the 
independent variable) .. . in cases 
where the structural relationship 
is one of causation only from X 
to Y (15, p. 42). 


6 Sims (20, p. 35) warns that he did not 
say that the presence of measurement error 
makes spurious causal orderings likely. He 
only emphasized that, under certain 
special structures possible in measurement 
errors, spurious causal orderings could be 
generated. 


Ando claims that using pair-wise 
ordering in Granger’s sense of it does 
not capture the true, more compli- 
cated relationship underlying the 
variables (1). The other researchers 
mentioned use only two variables in 
the universe (more with inclusion of 
trend and seasonal dummies). Thus, 
Ando questions the validity of those 
tests.’ 

Sargent counters by stating that if 
variables have been omitted in the 
specifications, one would be more 
likely to identify a feedback structure 
than a unidirectional system as Sims 
did (17, p. 217). Sargent thus implies 
that the identification of a “feedback 
system” is subject to Ando’s criticism 
and may be an erroneous identifica- 
tion but a unidirectional flow is, in 
general, not subject to this criticism. 
Sargent also noted that the real value 
of Sims’ test is its ability to test for 
the appropriate a priori restrictions 
on statistical exogeneity. 


CONCLUSION 


The meaning of causality has pre- 
sented problems over the years as is 
evidenced by the large number of 
definitions given it. The complexity 
of the concept notwithstanding, the 
most fundamental relationships in 
economics are built upon assumed 
causal structures. Every time we run 
a regression of one variable (A) on 
another (B) we are assuming a causal 
structure from B to A exists. The 


7 Pierce has developed a multivariate 
methodology to test for the causal rela- 
tionship among many variables. 

® See Zellner (22), pp. 62-63 for a 
brief summary of several definitions of 
causality. 





Properly used, this methodology can 
contribute significantly to the 
understanding and examination of the 
theoretical underpinnings relating 
important economic variables. 








technique described above presents a 
method of empirically testing the 
hypothesis that B does cause A 
rather than making the assumption 
that it does. The definition of cau- 
sality described by Granger is work- 
able in that one can test statistically 
for exogeneity (given the assumptions 
listed above), while other definitions 
do not lend themselves to empirical 
testing procedures. 

Tests of this nature have been 
used in many ways; to examine the 
wage-lag hypothesis, migration pat- 
terns, cost-push versus demand-pull 
inflation, to test the Rational Expec- 
tations hypothesis and relationships 
between money and income, as well 
as money and prices—to name a few. 
Research in agricultural economics 
provides a fertile area for tests of this 
type. Properly used, this method- 
ology can contribute significantly to 
the understanding and examination 
of the theoretical underpinnings relat- 
ing important economic variables. 
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Effects of Control 
on the Domestic Peanut Industry 


By R. McFall Lamm, Jr.* 








INTRODUCTION 


The domestic peanut industry has 
operated for over 40 years under 
Government control programs. Their 
principal objective, embodied in leg- 
islative acts, has been to maintain the 
net income of peanut producers at 
“satisfactory” levels. ‘“‘Satisfactory,” 
however, has not been clearly defined 
by the Congress. Instead of designat- 
ing targets for producer income, leg- 
islators have established price support 
levels and acreage quotas and have 
given limited consideration to long- 
run consequences. The results have 
been higher net incomes to peanut 
producers, large program costs, and 
the accumulation of large peanut 
stocks. 
debate 
recently over whether net social bene- 


There has been much 
fits accrue from peanut control pro- 
grams. If income transfer is the only 
objective of control, perhaps it could 
be accomplished more efficiently 
under an alternative program. 

An obvious alternative program is 
one with no controls—production 
levels and price are determined in the 
free market. This alternative has tra- 
ditionally been the standard of com- 
parison for evaluating the effects of 
controls. Song, Franzmann, and 
Mead (16), and Fleming and White 
(2) have attempted to derive free mar- 
ket, price-quantity time paths for the 
peanut industry using annual econo- 


*The author is an economist with the 
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helpful comments of Duane Hacklander, 
John Baritelle, and others are gratefully 
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sented at the annual meeting of the 
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The domestic peanut industry has 
operated under Government programs for 
over 40 years, programs designed primar- 
ily to increase producers’ income. The 
author evaluates effects of these controls 
on the industry, and provides an estimate 
of their indirect costs to consumers. 

The major novelty of the annual econ- 
ofmetric model of the industry used in the 
analysis is the methodology for estimating 
the supply function. Instead of actual time- 
series data, the supply function is esti- 
mated from pseudodata generated by 
linear programming models. 


Keywords 


Peanut production 
Government policy 
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Econometric model 








metric models.’ They limit their 
approach to the demand side of the 
market. Studies by Marshall, Little, 
and Kline (10), and by Nieuwoudt, 
Bullock, and Mathia (12) use linear 
programming models to develop the 
supply side but regard demand side 
variables as determined exogenously. 
A complete treatment of the prob- 
lem requires that demand and supply 
be determined endogenously. 

This article reports on the effects 
of controls on the domestic peanut 
industry from 1952 through 1976, 
and it presents an approximation of 
the indirect costs (to consumers) of 
control programs. An annual econo- 
metric model is developed in which 
demand and supply are endogenous. 
The major novelty of the study is the 
methodology used to estimate the 
supply function; pseudodata gener- 
ated by linear programming are used 
rather than actual time-series data. 


‘Italicized numbers in parentheses 
refer to items in References at the end of 
this article. 


The econometric model of the 
peanut industry, incorporating the 
pseudosupply function, consists of 
14 linear equations, 9 of which are 
behavioral relations. The model gen- 
erates price-quantity time paths for 
peanuts and three major peanut 
products: peanut oil, peanut meal, 
and edible peanuts. Linearity and 
expected profit maximization are 
underlying assumptions. 


EVOLUTION 
OF DOMESTIC PEANUT 
PROGRAMS 


Peanuts were added in 1934 to 
the list of commodities covered by 
the Agricultural Adjustment Act. This 
addition placed the market for pea- 
nuts in the United States under 
numerous Government controls. Ini- 
tial legislation gave the Secretary of 
Agriculture authority to determine 
the quantity to be produced each year 
and established marketing quotas. 
After 1941, producers were restricted 
to marketing only those peanuts 
grown on aljotted acreage. Specific 
price support levels, to be announced 
prior to planting, were authorized be- 
ginning in 1941. 

Controls were abandoned during 
World War II, except for minimum 
price guarantees of 90 percent of 
parity. A new Agricultural Adjust- 
ment Act reintroduced controls in 
1949. This act required the Secretary 
of Agriculture to announce the price 
support level, between 75 percent 
and 90 percent of parity, prior to the 
beginning of the peanut marketing 
season, and it established a minimum 
national allotment of 1,610,000 
acres. Acreage restrictions and price 
supports, basic features of post-war 
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The major novelty of the study ts the 


methodology used to estimate the supply 
function; pseudodata generated by linear 
programming are used rather than actual 


time-series data. 








peanut control programs, have con- 
tinued to the present day.? 

Virtually no revision was made in 
peanut control programs after 1949 
until the passage of the Food and 
Agriculture Act in 1977. The new 
program retained price supports and 
acreage allotments, and imposed 
poundage quotas at the State and 
farm level. Two support prices were 
applied—one for peanuts produced 
within poundage quotas and the other 
for peanuts exceeding poundage 
quotas but satisfying the acreage 
quota. In addition, instead of receiv- 
ing support prices, producers were 
given the option of contracting with 


peanut processors at a single price.* 
Table 1 presents the levels of con- 


trol variables, and actual harvested 
acreage, production, price, and Com- 
modity Credit Corporation (CCC) 
losses for peanuts from 1935 to 1976. 
The control variables are as follows: 
acreage allotments, marketing quotas, 
price supports, and CCC acquisitions. 
Acreage allotments and support prices 
were active control variables over 
much of the study period. Marketing 
quotas, however, have not been active 
controls but have been gradually 
adjusted upwards to approximate 
actual production on allotted acreage. 
Similarly, the control variable, CCC 


?See Song (16) and Little (8) for a 
detailed review of the evolution of domes- 
tic peanut control programs. 

3 As with previous programs, producers’ 
associations continue to act as agents of 
the Commodity Credit Corporation. Loans 
are made to farmers at the support price 
and redeemed when peanuts are harvested 
and delivered. All peanuts which cannot 
be sold at prices greater than the support 
price become the property of the Com- 
modity Credit Corporation. See (18) for 
a review of the new program. 


8 


acquisitions, is not active but depends 
functionally on acreage allotment, 
support price, and production. 

Peanut prices and acreage have 
varied little over time, especially since 
1949, principally because of control. 
The level of CCC losses, which has 
varied, represents a direct cost of 
imposing control. Total CCC losses 
from 1935 to 1976 were $959 mil- 
lion, or $1.609 billion in constant 
1976 dollars. This loss represents the 
largest per unit subsidy for any major 
crop. 


MODEL 
SPECIFICATION 


The basic objective of the model 
specification is to allow a determina- 
tion of free-market, price-quantity 
time paths that would result if no 
controls had been imposed on the 
peanut industry. These paths can be 
compared with actual price-quantity 
time paths to determine the net 
effects of control. 

The cost of control programs is 
represented by: (1) direct costs—CCC 
losses incurred in buying and selling 
commodities for support operations, 
and program administrative expenses; 
(2) indirect costs arising when con- 
sumers pay higher prices for finished 
products as a consequence of con- 
trols; (3) and welfare costs that accrue 
when the sum of change in producers’ 
and consumers’ surpluses due to con- 
trols is negative. Any of these costs 
may become benefits, of course, 
although generally this has not hap- 
pened in domestic agricultural control 
programs. 

It might be argued that 
costs of control program 


he indirect 
not 
the Gov- 


are 
generally costs but benefit 


ernment supports raw agricultural 


prices which encourages production, 
which leads to lower food prices 
through outward shifts in supply. If 
the Government supported commod- 
ity prices through direct purchases, 
and sold to food processors at market 
prices, then this argument might be 
valid. However, Government sales of 
commodities have generally been 
carried out through discriminatory 
disposal programs. Instead of being 
sold to food processors, commodities 
have been sold for restricted uses, 
donated, or sold at reduced prices to 
other countries. For peanuts, the 
Government has discriminated be- 
tween edible peanut markets and the 
crushing market—edible peanuts have 
been contracted for sale by the Gov- 
ernment for crushing. This policy 
implies higher prices for edible 
peanuts and positive indirect costs. 

The standard approach for approx- 
imating free-market time paths is to 
construct an econometric model, as 
Heien (5) and others have done. Typi- 
cally, both demand and supply side 
representations are included; control 
variables are exogenous. Stochastic 
or deterministic simulations are per- 
formed with the values of all control 
variables set equal to zero. Simulated 
free-market time paths result. Indi- 
rect-control costs can be computed 
based on differences between actual 
and simulated time paths. 


Usefulness of econometric models 
for measuring indirect control costs 
depends on the availability of appro- 
priate sample data. It is crucial that 
controls be applied over only part of 
the sample period, or that the levels 
of control variables change frequent- 
ly, which imparts the necessary varia- 
tion to allow estimation of param- 
eters. For the domestic peanut indus- 











Table 1—Levels of control variables, acreage, production, price, and CCC losses, 1935-76 





Control level Actual 





Acreage Marketing Support ccc ccc 
allotment quota price acqui- Acreage Production Price loss 
sitions 





1,000 Million Cents/ Million 1,000 Million Cents/ Million 
pounds pound pounds pounds pound dollars 


73 1,497 1,153 3.1 0.3 

0 1,660 1,260 3.7 0 

166 1,538 1,233 é 2.3 

253 1,692 1,289 , 3.3 

69 1,908 1,213 j | 

558 2,052 1,767 79 

378 1,900 1,475 ‘ 0 

899 3,355 2,193 ! 0 

0 3,528 2,176 0 

8) 3,068 2,081 0 

0 3,160 2,042 . 0 

55 3,141 2,038 é -6 

3,377 2,182 : 3.5 

3,296 2,336 25.6 

763 2,308 1,865 39.7 

2,262 2,035 F 17.1 

540 1,982 1,659 : 9.4 

106 1,443 1,356 x 48 

1515 1,574 4 14.0 

0 1,387 1,008 a 0 

268 1,669 1,548 Pf 17.1 

’ ; i 1,384 1,607 ‘ 20.2 

1957 ; F 2 108 1,481 1,436 / 6.1 

1958 ; 1,814 21.2 

1959 : 246 1,523 F 11.4 

1960 : 299 1,718 16.7 

1961 - 7 1,657 E 12.1 

1962 ‘ 1,719 d 21.2 
1963 P 371 1,942 

1964 P : 2,099 : 

1965 . 688 2,384 : 44.3 

1966 , : 2,410 ‘ 43.8 

1967 1,613 ; : 2,473 d 48.2 

1968 1,613 y 7 2,543 : 38.8 
1969 1,612 F 2,529 

1970 1,613 F J 2,979 7 66.3 
1971 1,613 4 . 3,005 
1972 1,613 5 é 3,275 

1973 1,612 3,474 . 5.0 

1974 1,612 3,668 ‘ 3.0 
1975 1,612 ; 3,857 
1976 1,612 ; 3,751 





Note: N.A. means not applicable. 





The methodology involves linear 
programming models representing 
the producer’s decision problem, with 


commodity prices taken as given. 








try, prices for peanut products have 
varied considerably over the years, 
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sufficiently to allow the estimation 
of demand-side relations. Acreage 
allotments and price supports have 
not varied substantially over much of 
the sample period, however, being 
virtually constant from 1952 to 1976. 
The result is that, when a supply 
function is estimated, peanut produc- 
tion is found to be virtually insensi- 
tive to changes in price. 

Available sample information does 
not allow estimation of the supply 
side of the model. One alternative is 
to generate a pseudodata set with 
sufficient variation to allow the esti- 
mation of a supply function. The 
generation of pseudodata has been 
advocated recently by Griffin (3, 4) 
in a study of the petroleum industry. 
It resembles the approach suggested 
by Shumway and Chang (14) for 
determining supply functions for 
major U.S. crops. 

The methodology involves linear 
programming models representing 
the producer’s decision problem, 
with commodity prices taken as 
given. Random variation of peanut 
prices, with other commodity prices 
at constant levels, results in a sched- 
ule of optimal values for peanut pro- 
duction for alternative prices. The 


} 


supply function can be estimated 


from this pseudodata set. 


THE SUPPLY SIDE 


U.S. peanut production is concen- 
trated in three major regions: south 
eastern Virginia and eastern North 
Carolina, central Alabama and west 


ern Georgia, and central Texas and 
southern Oklahoma. Linear program- 


ming models were constructed to 
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represent individual producer deci- 
sions in each of these regions. The 
models are simple, incorporating 
basic crop substitutes for each 
region, but omitting livestock produc- 
tion activities. Aggregation gives 
regional output levels, which in turn 
sum to national output. 

Alternative output activities for 
each decision model include peanut, 
cotton, and corn production. In addi- 
tion, soybean production is included 
as an output activity in Virginia-North 
Carolina. Input activities include 
capital, and land used for peanuts or 
for other crops. These two land clas- 
sifications allow aresource constraint 
to be applied to land used for peanut 
production, which simulates the 
effects of an acreage allotment. Other 
constraints are placed on total capital 
and land availability. 

Individual producers in each region 
are assumed to maximize expected 
profits E, 1 (f;) subject to resource 
constraints. Expected profit is defined 


as: 


Ey (ft) = Ep_y (P¢)74 


W Sp — Tek, (1) 


where E;_ (f+) and Ey =e (P+) are the 
mathematical expectations of profit 
and product prices conditional on in- 
formation available in t-1 (prior to 
harvest), f; is profit, Pr is a vector of 
output prices, w; is a vector of land 
rental prices, r, is the price of capital, 
=, is a decision vector representing 
output levels, s, is a decision vector 
of land input levels, and k, is a scalar 
decision variable for capital input 


level. 


Relation (1) is maximized subject 
‘ 


to: 


Is, < Cr 


ZR S¢ > 0 


where I is an identity matrix, g; is a 
vector of technical coefficients trans- 
forming capital into output, B, is a 
matrix of technical coefficients trans- 
forming land into output, b, is a 
capital resource constraint, and c;, is 
a vector of resource constraints on 
land utilization. Constraint (2) limits 
output according to capital availa- 
bility. Constraint (3) limits output 
according to land requirements. Con- 
straints (4) and (5) restrict capital 
and land use to available amounts 
and constraint (6) imposes non- 
negativity. 

Technical coefficients and the 
levels of resource constraints are con- 
structed using census data on land 
availabilities, yields per acre, and net 
farm income. Capital coefficients are 
developed regionally using cost of 
production surveys performed by the 
Economic Research Service (now part 
of ESCS) (1), and budget data con- 
structed by McArthur, Saunders, and 
Steanson (9). Cost of production 
indices are used to approximate tech- 
nical coefficients for years when no 
actual data are available. 

Initially the model was used to 
solve for the number of producers in 
each region over the period 1952 
to 1976. Acreage controls were 
entered at actual levels and expected 
peanut prices were set equal to price 
supports. 





Technological change is captured 
within the model, as are the effects 
of weather variations on yields. 








A second solution was then 
obtained by generating random values 
for peanut price in each year. The 
peanut price was assumed to be uni- 
formly distributed between a lower 
bound consisting of the peanut price 
time path generated by a version of 
the model which allows acreage to 
increase along pre-1949 trend and an 
upper bound consisting of the actual 
market price for peanuts. In this way, 
random values of peanut prices were 
kept within “‘reasonable” limits. Ex- 
pected peanut prices were assumed 
to equal peanut prices from the pre- 
ceding period. In addition to selec- 
tion of peanut prices randomly in the 
new sqlution, acreage allotment con- 
straints were assumed not binding. 
Free-market time paths were the 
result. 

Random selection of peanut prices 
in the second solution introduces an 
additional complication. As peanut 
prices depart from historical levels, 


producer incomes are changed—the 


by value in constraint (4) for each 


problem is no longer valid beyond 
1952. So that this could be allowed 
for, the capital constraint for each 


producer is redefined as: 


b, (] Q) Jt 1 


{1—-@) (Py 


(7) 
where @ represents the marginal pro- 


pensity to consume from producer 


income and the subscripts denote 


lagged values. Capital resources avail- 
able in the current year are a percent- 
age of net income from the previous 
year for each producer. Initially @ is 


set at 0.25. 


= 


The use of relation (7) as a defini- 
tion of capital resource availability 
provides a direct linkage over time 
from one programming problem to 
another. For this reason, the genera- 
tion of pseudodata involves the 
solution of individual dynamic pro- 
gramming problems for each region. 
Twenty-five stages (years) are included 
in each regional dynamic program- 
ming problem, the results yielding 
the required solutions (q*, s*, k*) 
for individual producers from 1952 
to 1976. 

After solution of the three regional 
dynamic programming problems for 
individual producers, the aggregate 
pseudo-output of peanuts produced 
in each year is obtained by multiply- 
ing individual peanut production 
levels by the number of producers in 
each region and summing to get 
regional totals. 

Table 2 presents peanut prices, 
aggregate pseudo-output of peanuts, 
and the prices of cotton, corn, and 
soybeans (the alternative outputs in 
each problem). A comparison of the 
data in table 2 with that in table 1 
indicates considerable variation in 
pseudopeanut production as peanut 
prices change. This is enlightening 
intuitively and consistent with prior 
expectations—variation has been in- 
duced artificially in the pseudodata 
set. 

Three facets of the dynamic pro- 
gramming solution deserve special 
comment. First, the levels of the 
technical coefficients transforming 
capital and land input into output 
are revised over time based on actual 
change in capital and land productiv- 
ity. Technological change is thus 
captured within the model, as are the 
effects of weather variations on 


yields. Second, the number of 
producers is the same in both the 
controlled and the free-market solu- 
tion. This assumption is, of course, 
unrealistic because the number of 
producers would be expected to 
change in a free market. And, third, 
the assumption that the prices of 
alternative output activities remains 
constant over time is questionable. 
Even through peanuts are only par- 
tial substitutes in consumption for 
other commodities, variation in 
peanut price might have some effect 
on these markets. 

From the data in table 2, a linear 
supply function is estimated. 
Although peanut production is 
clearly a function of the linear pro- 
gramming parameters dated prior 
to and through each solution year, 
the inclusion of all the necessary 
parameters would introduce collin- 
earity problems, even if the appro- 
priate data were available on an 
aggregate level. Thus, peanut supply 
is written simply as a function of 
lagged output prices and lagged pro- 
duction (included to reflect the role 
of past prices in the dynamics of the 
programming solution). Omitting the 
price of corn and soybeans, because 
of little contribution to explanatory 
power and lack of statistical signifi- 
cance, leads to the simple supply 
function: 











Table 2—Pseudo-output and price for peanuts, actual corn, cotton, and soybean prices 





Peanuts Lagged price of— 








Lagged 
Ppseudo-output Price Corn Cotton Soybeans 





Million pounds Cents/pound Dollars/bushel Cents/pound Dollars/bushel 


1,930 7 4 379 2.73 
2,152 34.6 OR a 
904 33.6 2.72 
1,302 35.1 2.46 
411 33.7 2.22 
393 33.1 2.18 
173 30.9 2.07 
502 34.7 2.00 
853 31.7 1.96 
501 30.2 2.13 
457 32.9 2.28 
259 31.9 2.34 
32.2 2.51 
31.1 2.62 
29.4 2.54 
21.8 2.75 
26.7 2.49 
23.1 2.43 
22.0 2.35 
229 2.85 
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There is no way to produce simulated 


time paths with the model which would 


be comparable to historical time paths. 
This inability is, unfortunately, a major 


shortcoming of the pseudodata approach. 








where z, is now defined as scalar pea- 
nut production, p;_ is lagged price 
of peanuts, uw t-1 18 lagged price of 
cotton, the numbers in parentheses 
are standard errors, and the R? value 
is unadjusted.’ 

For relation (8), the elasticity 
(d Inz, / d Inp,_, evaluated at the 
mean sample level is 2.1. This ‘“‘short- 
run’’ elasticity is somewhat larger 
than similar elasticities estimated us- 
ing actual time series for other crops. 
However, it compares favorably with 
Houck, Ryan, and Subotnik’s (7) 
estimates of shortrun regional supply 
elasticities for soybeans, a crop with 
characteristics similar to those of 
peanuts. For the Atlantic States, 
Houck, Ryan, and Subotnik found 
a supply elasticity of 3.3; for the 
Plains States, 2.1. These two regions 
correspond roughly to the three 
peanut-producing regions considered 
in this study. For this reason, norma- 
tive linear programming does not 
appear to yield results which are 
inconsistent with previous empirical 
findings. 


THE DEMAND SIDE 


The demand side of the model 
consists of 13 linear equations which 
represent the markets for peanuts 
and 3 peanut products: peanut oil, 
peanut meal, and edible peanuts. 
Each product market is linked by 
production functions to the peanut 


* Changing the starting values for the 
pseudo random number generator used to 
produce the data had little effect on the 
estimated parameters of relation (8). The 
use of several pseudodata sets for estima- 
tion also did not generate estimated 
parameters significantly different from 
those presented in relation (8). 


market so that changes in consumer 
demands are transmitted directly as 
derived demands to the primary com- 
modity markets for peanuts.* 

Of the 13 equations included in 
the demand-side representation, 8 are 
behavioral relations and 5 are identi- 
ties. The behavioral relations include 
a stock supply equation for peanuts; 
a price equation relating peanut price 
to other prices and other variables; 
shortrun production functions for 
peanut oil; and shortrun production 
functions for peanut meal; demand 
relations for peanut oil; for peanut 
meal; and for edible peanuts; and a 
supply function for edible peanuts. 
Behavioral relations are specified on 
the basis of static theory, intuition, 
statistical significance of estimated 
coefficients, and explanatory power. 

Appendix table 1 presents iden- 
tities and three-stage least squares 
estimates of the behavioral relations 
of the demand side of the model. 
Definitions of variables in the model 
are presented in appendix table 2. 
The sample used for estimation covers 
the period 1929 through 1976, a 
total of 48 observations.® Virtually 
all of the estimated coefficients were 
found highly significant statistically 
and of the expected sign.’ 


‘ Although the product markets con- 
sidered are not actually finished-product 
markets, they are treated essentially as 
such in this study because of the complex- 
ity of dealing with final products. Peanut 
oil is used in shortening, cooking oil, 
margarine, mayonnaise, and salad dress- 
ing. Edible peanuts are consumed as 
peanut butter, candy, and roasted peanuts. 

® A lengthy time series was necessary to 
obtain sufficient price-quantity variation. 

7 The estimated coefficients on quan- 
tity in the demand relations for peanut 
oil and meal are not highly significant 


THE COMPLETE 
SYSTEM 


A combining of relation (8) with 
the demand side of the model gives 
the following reduced-form system: 


¥z = dg + Dyyz_1 + Dox; 
+ Dsg,+ et 


at eee i (9) 
where y; is a vector of 14 endoge- 
nous variables consisting of z, from 
relation (8) and the 13 endogenous 
demand-side variables; x, is a vector 
of 11 exogenous variables not subject 
to control, consisting of p;_} and 
uy ¢-1 from relation (8) and the 
exogenous variables from the 
demand side; g, is a vector of 3 
demand-side control variables, con- 
sisting of Government stocks, net 
Government purchases, and the price 
support level; e, is a vector of sto- 
chastic residuals; dg is a vector of 
reduced-form intercepts; and the D,;, 
i=1,2,3, are coefficient matrices of 
reduced-form parameters. 

System stability conditions require 
that D, possess characteristic roots 
with absolute values less than unity. 


statistically. Because the markets for soy- 
bean oil and meal are so large, and because 
peanut oil and meal are close substitutes 
for soybean oil and meal, large changes in 
peanut oil or meal production would not 
be expected to have a large effect on own 
price. The estimated coefficients are 
retained, however, because simulations are 
performed outside the range of the histori- 
cal data. Also, behavioral relations with 
price written on the left-hand side as an 
endogenous variable are justified theo- 
retically, according to Heien (6), based on 
Samuelson’s (13) indirect utility argument. 
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The demand side of the model can 


be used to generate simulated time paths 
which should approximate historical time 


paths, given peanut production levels. 








If any of the moduli of D, exceed 
unity, the system is unstable, misspe- 
cification is implied, the assumptions 
of estimation are violated, total multi- 
pliers fail to exist, and the values of 
y; explode as t>°°, Computation of 
the eigenvalues for D, yield the 
nonzero values: 0.78, -0.25-0.09:7, 
-0.25+0.097, 0.49, and 0.41. Hence, 
relation (9) composes stable system 
with cyclical time paths which con- 
verge over time to a steady state. 

In addition to stability, it is neces- 
sary that relation (9) be a valid repre- 
sentation. Clearly, the traditional 
validation tests cannot be performed 
on relation (9) because the supply 
function is estimated using pseudo- 
data; there is no way to produce 
simulated time paths with the model 
which would be comparable to his- 
torical time paths. This inability is, 
unfortunately, a major shortcoming 
of the pseudodata approach. 

The demand side of the model can 
be used to generate simulated time 
paths which should approximate his- 
torical time paths, given peanut 
production levels. Thus, it can be 
validated separately from the supply 
side. Although this type of validation 
ignores simultaneity with the supply 
side, it does allow for partial valida- 
tion. Following Naylor (1/7), both 
retrospective and prospective valida- 
the 
attempted. 


tions of demand side are 
For validation, simulated time 
paths are generated through use of 
the actual values of y,, as a seed. All 
exogenous variables, including con- 
trol variables, are set at actual levels. 
Generated values for endogenous 
variables are reintroduced as the 
values of lagged endogenous varia- 
bles in later periods. The retrospec- 
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tive validation is carried out over the 
time period on which estimation is 
based, 1929 through 1976. A com- 
parison of simulated with actual time 
paths gives mean absolute errors of 
less than 10 percent for most varia- 
bles. Theil (77) inequality coeffi- 
cients less than unity result for 8 of 
13 endogenous variables. These 
results seem acceptable, given the 
variability in the data set. 

Many analysts estimate econo- 
metric models over subsamples of 
available observation sets, reserving 
several observations for use in pro- 
spective validation. However, system 
(9) is estimated based on all availa- 
ble sample information, so that a 
prospective validation is not possi- 
ble. As an alternative, the demand 
side of the system is re-estimated 
with data for 1929 through 1971 
under the assumption that the same 
system specification is equally valid 
over both time periods. Prospective 
paths then can be generated and 
compared with actual time paths for 
1972 through 1976. Appendix table 
3 presents both for the demand side 
with 1971 endogenous values as a 
seed. The model tracks fairly well 
over a period of substantial variation 
in the data. 


INDIRECT CONTROL 
COSTS AND PRODUCER 
INCOME 


Indirect control costs and pro- 
ducer income effects attributable to 
Government controls can be evalu- 
ated by comparing simulated free- 
market time paths with historical 
time paths of the endogenous varia- 
bles. This comparison is analagous to 


evaluating a succession of alternative 
price-quantity equilibria, given shifts 
in the underlying behavioral relations. 

So that this evaluation can be per- 
formed, simulated free-market time 
paths are generated by setting g,=0 
for t=1,..., T in (9) and computing 
the alternative equilibria y, over 
Hi, 6s. 28 


= dy ol Divi-] > Dox; rat | (10) 


Yt =dg+Dy 4-1 + Dox; f=2....50 


The resultant deterministic time 
paths may be compared directly with 
the deterministic time paths gener- 
ated with g, set at actual values and 
e, set at zero. Alternatively, the e, 
values of (9) could be utilized to pro- 
duce y; t=1,..., T and the results 
compared with the historical time 
paths of endogenous variables. The 
former alternative is pursued here be- 
cause there is no loss in neglecting 
the stochastic error. 

A convenient method for analyz- 
ing the deterministic y; produced by 
relation (10) is to compare the distri- 
bution statistics of the simulated time 
paths with the distribution statistics 
of actual deterministic time paths of 
the system. Table 3 presents means 
and standard deviations for actual 
deterministic and simulated free- 
market deterministic time paths pro- 
duced using relation (10). From the 
information in the table, the follow- 
ing generalizations can be made: 
(1) peanut production and domestic 
disappearance more than double 
without controls; (2) stocks decrease 
more than one-half without controls; 
(3) peanut crushings increase almost 
eight times while domestic disappear- 


ance of edible peanuts changes little 





Government control failed to reduce 


price variability in the domestic peanut 


industry. This result contrasts with the 
generally accepted convention that 
controls lead to greater price stability 
in commodity markets. 








Table 3—Means and standard deviations of actual and simulated 
free-market time paths’ 





Mean Standard deviation 





Variable 


Actual 


Simulated Actual Simulated 





Production 
Peanuts 
Peanut oil 
Peanut meal 


Price 
Peanuts 
Peanut oil 
Peanut meal 
Edible peanuts 
Difference between peanut 
and almonds prices 


Peanut stocks 


Domestic consumption: 
Peanuts 
Peanut oil 
Peanut meal 
Edible peanuts 


Peanuts crushed 


2,333 
165 
112 


12.7 
18.8 
85.3 
21.7 


—125 
453 
2,119 
130 
110 
1,400 


535 


832 
105.3 
64.6 


3,775 
1,161 
734 


5,805 
1,380 
884 


28 
5.4 
33.7 
46 


78 
Tz 
73.0 
14.4 


2.9 
8.6 
39.9 
4.2 
9.5 


-19.8 9.1 


205 212 86 


5,620 
1,349 

886 
1,402 


4,217 





' Units of measurement are in appendix B. 


without controls; and (4) all mean 
prices decline in a system with no 
38.5 

percent, peanut oil prices by 40.4 


controls—peanut prices by 


percent, peanut meal prices by 14.4 
percent, and edible peanut prices by 
33.6 percent, respectively.® 


Standard deviations of all quantity 


® The simulated mean price for peanut 
oil at 11.2 cents compares with an actual 
mean price of soybean oil over the period 
at 13.0 cents. Traditionally, peanut oil has 
commanded a premium over soybean oil. 
The simulated mean price for peanut meal 
at $73.00 compares with an actual mean 
soybean meal price of $95.16. Traditional- 
ly, peanut meal has sold at a discount with 
respect to soybean meal. 


variables increase without controls, 
except for edible peanut consump- 
tion. Conversely, the standard devia- 
tions of prices decline without 
controls. These findings suggest 
that Government control failed to 
reduce price variability in the 
domestic peanut industry. This result 
contrasts with the generally accepted 
convention that controls lead to 
greater price stability in commodity 
markets.’ 


° The fact that price standard deviations 
are less in the free-market system may be 
a consequence of the on-off nature of con- 
trols throughout the thirties and forties. 


A more interesting and specialized 
measure of the effects of control is 
obtained by computing the indirect 
costs imposed on consumers by the 
control program. In this study, in- 
direct control cos are defined as the 
difference between actual costs of 
peanut products to consumers, and 
the simulated free-market costs to 
consumers of the same quantity of 
peanut products. The total cost of 
peanut products is: 

CatQe 2aPute (11) 
where C; is the cost to consumers of 
the ith peanut product over ¢t = 1, 
..., 1, where 7 = 1,2,3 for peanut 
oil, peanut meal, and edible peanuts. 
The scalars p;, and q;, represent price 
and consumption of peanut products. 
Indirect control costs (D) are defined 
as: 


(12) 


D= . . (Pit - Pit) Qt 


where the ~;; are simulated price 
equilibria. 

Table 4 presents actual and simu- 
lated costs to consumers of peanut 
oil, peanut meal, and edible peanuts 
in current and constant 1976 dollars 
for 1952 through 1976. Indirect con- 
trol costs by product type are also 
given in the table. Indirect costs to 
consumers of peanut products totaled 
$2.83 billion from 1952 to 1976 in 
current dollars, and $4.58 billion in 
1976 dollars. The major source of 
these costs was in the edible peanuts 
market—89 percent in current dollars 
and 91 percent in 1976 dollars. 

Actual and simulated gross pro- 
ducer income also appears in table 4. 
Actual producer income (I) is defined 
as: 
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The peanut control program did increase 


net producer income, although gross 


producer income would have been greater 


in a free market. 








Table 4—Indirect costs of control and producer income 





Costs to consumers 





Time path type 


Peanut 


Edible 
peanuts 


Peanut 


oil meal 


Producer 
income 


All 
products 





Actual 


Simulated free market 


Difference 


Actual 


Simulated free market 


Difference 


Billion dollars current 


7.50 


497 


2.53 


Billion dollars (1976) 


12.33 


8.18 


4.15 





(13) 


where z, is peanut production. Simu- 
lated free-market gross producer 
income is defined similarly, except 
that p, and z, are replaced by p,; and 


l 


zy. Under a free market, gross pro 


ducer income would have totaled 
$13.03 billion in current dollars and 
$19.89 billion (1976 dollars) from 
1952 to 1976. Under controls, actual 
gross producer income was $7.57 
billion (current dollars) and $11.89 
billion (1976 dollars). Clearly, gross 
producer income would have been 
higher in a free market. This result is 
attributable to greatly expanded out- 
put, even though peanut prices are 
lower. 

Although gross income to pro- 
ducers would have been higher from 
1952 to 1976 with no Government 
net 


control, it is clear whether 
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income would have been greater.’® 

This is an important question be- 

cause the objective of control was 

to increase producer net income. An 
evaluation of this issue requires an 

analysis of the production and cost 
structure of producers—structures 
which are embodied in the program- 
ming models developed to estimate 
the supply function. 

The production and cost struc- 
tures of the programming models 
developed in this study are somewhat 
simplistic—returns to scale are 
assumed to be constant and only a 
limited number of production activi- 


ties are considered. Yet they can be 


1° An important distinction is made 
between income and net income in this 
study. The former is total revenue, output 
times price, while the latter is income 
above costs, representing returns to man- 
agement. 


used to compute net income to pro- 
ducers with and without controls. 
Net income with controls is deter- 
mined by adding an additional activ- 
ity to each regional linear program to 
represent capital used in peanut pro 
duction. In the initial formulation, 
capital costs were not allocated per 
product. The regional dynamic pro- 
gramming problems are then solved 
with acreage allotments and price 
supports set at actual levels. Land 
and capital costs attributed to pea- 
nuts are subtracted from the value 
of peanut sales to obtain an estimate 
of actual producer net income from 
peanuts. This process gives an esti- 
mate of $3.85 billion in current 
dollars from 1952 to 1976 for net 
producer income under controls. 
Net income to peanut producers 
in a free market is determined by 
allowing peanut acreage to vary 


above allotments and by setting 





Only a direct payments scheme, 


and the setting of controls at levels which 


replicate free-market results, would 
result in a cost/benefit equilibrium. 








peanut prices at simulated free- 
market levels. Solution of the 
regional dynamic programming prob- 
lems under these conditions gives 
free-market producer net income of 
$2.47 billion in current dollars from 
1952 to 1976, an amount $1.38 bil- 
lion less than estimated net income 
under controls. Consequently, the 
peanut control program did increase 
net producer income, although gross 
producer income would have been 


greater in a free market. 


CONCLUSIONS 


The major objective of Govern- 
ment control programs has been to 
increase the net income of peanut 
producers, although specific target 
levels for income have never been 
specified by the Congress. The prin- 
cipal instruments of control have been 
an acreage allotment and price sup- 
port program implemented annually 
since 1949, 

Indirect costs of controls to con- 
sumers from 1952 to 1976 have been 
more than $2.83 billion, based on 
the model. Adding this amount to 
the direct costs of controls from 
1952 through 1976 ($0.85 billion) 
gives total costs of controls as $3.68 
billion. Control programs added only 
$1.38 billion to net producer income 
1952 to 1976. 


cost/benefit pu.at of view, the con- 


from From a social 


trol program can be seen as unjusti- 
fied 


A direct payments scheme would 


its costs exceeded the benefits. 


have been more efficient. 

The major finding is that the acre- 
age allotment and price support pro- 
grams are inefficient, given the objec- 
tive of increasing producers’ net 
income. Several shortcomings under- 


lie this conclusion, however. First 
the modeling process is subjective. 
The assumption of profit maximiza- 
tion in the dynamic programming 
problems, decisions on the equations 
and variables to use, and the valida- 
tion of the model are normative. 
Second, equations representing other 
simultaneous markets which should 
be included in the model are 
omitted. For example, the increase in 
peanut production in a free market 
must affect other commodity mar- 
kets as other crop acreages are dis- 
placed by peanuts. These omissions 
may have resulted in the introduc- 
tion of simulataneous equation bias 
in the estimates and structural mis- 


specification. A model including all 


of the necessary markets endoge- 
nously would be extremely large, 
however." 

The new peanut control program 
establishes an additional instrument 
for control—a production quota 
which provides a means of imple- 
menting a dual-level price support 
program. The addition of a new con- 
trol instrument, however, does not 
change the program—acreage allot- 
ments, price supports, and purchase 
plans remain intact. The social costs 
of the new program, like those of the 
old, are likely to exceed the benefits. 
Only a direct payments scheme, and 
the setting of controls at levels which 
replicate free-market results, would 
result in a cost/benefit equilibrium. 


'! Additionally, export demand for 
peanut products would have to be con- 
sidered since free-market U.S. prices of 
peanut products decline to world price 
levels in some years. This addition may 
not, however, significantly alter the find- 
ings of this study. 
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Appendix table 1—~Demand-side behavioral relations and identities 





Equation Variable Estimate or definition’ 





(1) Seq Spt 2Zye— Xz 


(2) 2 


3 +4 
(26 


9 7 9 sp 4+ 084 r 
0) (4. ‘ : 


5 py + 0.4 
5 (.09) (.12) 


) 


0.56 + 0.33 A, + O. 
(. 


2 Pr + 0.00049 9g, + 0.037 py, + 0. 
(.30)  (.05) 7 ( 


4 01 
07) (.00017) (.016) 004) 
-12.9 + 0.33 c, 

(1.9)  (.00) 


~0.48 -0.0042 944 + 0.46 v4, + 0.00076 m, -0.069 vz, + 0.51 v3y + 0.32 74 4-4 


(.58) (.0054) (.11) (.00027) (.022) (.11) 04) 
245 ~ “44 


3.00 + 0.21 c 
(1.60) — (.00) 


1.92 - 0.017 qoy + 0.0054 m, + 1.21 vagy - 0.30 vez 
(2.62) (.038) (.0022) (.13) (.08) 
“at ~ “oe 


162 — 1.30 ve, + 0.050 m, + 0.79 g 
6t t 3,t-1 
(64) (1.37) (021) (09) ~" 


(11) 05 0.87 + 0.0028 93, + 1.44 p, 
(.73)  (.0008) (.06) 


(12) P3r — Y7z 


(13) q Ce + 934 + Gaz 





' Standard errors are in parentheses 











Appendix table 2—Definitions of system variables 





Endogenous variables 


Exogenous variables 





Definition 


Unit 


Definition 


Unit 





Peanut crushings 

Peanut prices 

Price of peanut oil 

Price of peanut meal 

Price of shelled peanuts 

Consumption of peanuts 

Consumption of peanut oil 

Consumption of peanut 
meal 

Consumption of edible 
peanuts 

Stocks of peanuts, end 
of year 

Difference between shelled 
peanut price and the price of 
almonds 

Production of peanuts 

Production of peanut oil 

Production of peanut meal 


Million pounds 
Cents per pound 
do. 
Dollars per ton 
Cents per pound 
Million pounds 

do.u 


Thousand tons 
Million pounds 


do. 


Cents per pounds 


Million pounds 
do. 
Thousand tons 





Price support for peanuts 
Per capita disposable income 
Uses of peanuts other than for 
crushing and edible 
consumption 
Government stocks of peanuts 
Price of cotton 
Price of soybean oil 
Price of cottonseed oil 
Price of shortening 
Cottonseed meal price 
Soybean meal price 
Price of almonds 
Net exports, and Government 
sales/purchases of peanuts 
Net exports and other uses 
of peanut oil 
Net exports and other uses 
of peanut meal 





Appendix table 3—Actual and predicted prospective time paths, 1972-76 


Cents per pound 
Thousand dollars 


Million pounds 
do. 

Cents per pound 
do. 
do. 
do. 

Dollars per ton 
do 

Cents per pound 


Million pounds 
do 


Thousand tons 





1975' 


1972 1973 1974 





Actual Predicted Actual Predicted Actual Predicted Actual Predicted Actual 


Variable Predicted 





2,244 
365 
1878 
815 
18.1 


36.6 
138.1 


107 


3,098 
1,108 
1800 
1,060 
20.0 
32.1 
212 
363 
233 
30.9 
214 
235 
8.6 


2,994 
1,041 
1,953 

765 


19.9 


3,025 
590 
1,800 
553 
17.9 


42.6 
126 


188 
123 


275 
157 
124 


17.5 


2,523 
631 
1,892 
462 
17.1 
43.3 
123 
192 
137 


30.1 
157.3 
136 


-14.9 


2,556 
1,447 
1,870 
1,146 
19.6 


33.8 
143.6 


476 
300 80 
30.3 31.6 


378 10 
298 82 


-9.7 -8.4 


3,048 
850 
1,694 
392 
14.5 
188 
102 
269, 
180 


249 
174 
189 

14.4 


2,488 
813 
1,675 
420 
14.1 
18.4 
119 
250 
177 


249 

145.5 

168 
14.3 


2,887 
683 
1,840 
429 
16.2 
38.0 
170 
214 
143 


288 
149 
141 


45.7 


2,341 
516 
1,824 
434 
15.5 
35.5 
131 
155 
112 


275 
95.4 
114 


-47.0 


277 
224 
49 





‘In 1975, the Government implemented a toll-crushing program to dispose of surplus peanuts. Its effects are not captured 
endogenously by the model. 





Structural Stability and Recursive 
Residuals: Quarterly Demand for Meat 


By Zuhair A. Hassan and S.R. Johnson* 








Government and private sector 
decisionmakers and analysts com- 
monly use quarterly estimates of 
demand for meat and other agricul- 
tural commodities in policymaking 
and forecasting. Models from which 
these estimates are developed are 
necessarily highly simplified as to 
demand theory and the institutional 
specifics of the industry. According- 
ly, careful analysts and forecast users 
want to be assured of the accuracy 
with which these models approxi- 
mate the true structure of the situa- 
tion studied. They often make 
re-estimations based on different 
data periods and respecifications of 
the models to evaluate the approxi- 
mations originally provided from the 
models. 

More formal procedures for con- 
tinual evaluation of structural stabil- 
ity for model specifications have 
recently begun to be developed. Vari- 
ous methods, beginning with the 
Chow (3) and F tests on various 
sample partitions and nested specifi- 
cations, can now be used to assess 
structural change statistically (7, 4).’ 
Two of these with considerable 
intuitive and computational appeal 
have been suggested by Brown, 
Durbin and Evans (2). These so- 
called CUSUM and CUSUMSQ tests 


*The authors are, respectively, an 
economist in the Policy, Planning and Eco- 
nomic Branch of Agriculture Canada; and 
a professor of economics and agricultural 
economics at the University of Missouri- 
Columbia. 

‘Italicized numbers in parentheses 
refer to items in References at the end of 
this article. Research support for this 
project was provided in part by a coopera- 
tive agreement with the former Economic 
Research Service, U.S. Department of 
Agriculture. 
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Methods have been developed recently for 
continual evaluation of structural stability 
for model specification. CUSUM and 
CUSUMSO tests suggested by Grown, 
Durbin, and Evans employ recursively 
calculated residuals to permit the exami- 
nation of structural stability. Easily devel- 
oped plots can be used to generate the 
inferences which can be supported by the 
tests. This article reports on an application 
of these tests for five quarterly meat 
demand equations for Canada. 


Keywords 


Recursive residuals 
Structural change 
Demand for meat 
CUSUM 
CUSUMSQ 








employ recursively calculated resi- 
duals to permit the examination of 
structural stability against quite com- 
plex alternatives. Easily developed 
plots can be used to generate the 
inferences which can be supported 
by the tests. 

We report in this article on an 
application of the CUSUM and 
CUSUMSQ tests to five quarterly 
meat demand equations for Canada. 
The application demonstrates the 
feasibility of applying these tests in 
routine forecasting and policy con- 
texts. Results indicate the impor- 
tance of misspecification errors 
implicit in these simple models and 
the sample periods over which the 
approximation can be used with 
relative confidence. 


THE RECURSIVE 
RESIDUALS 


Consider the linear model of the 
form: 


yf 
ye= X By + Us 


er (1) 


where y,; is the observation on the 
dependent variable, X, is the column 
vector of observations on the k inde- 
pendent variables, 8 is a correspond- 
ing vector of coefficients (the 
subscript, ¢, implying that the B’s 
may not be constant over time) and 
uz is an additive disturbance term. 
The first variable, X1,, takes the 
value of unity for all T observations. 
The remaining regressors are assumed 
nonstochastic. Thus, lagged depend- 
ent variables and autoregressive 
schemes are excluded from the speci- 
fication. The error terms are also 
assumed independently and normally 
distributed with mean zero and con- 
stant variance 0”. The hypothesis to 
be tested is 8} =Bo,..., Br = 8. 

The ordinary least squares (OLS) 
estimates based on T observations are 
given by: 


(2) 


b= (xx) 1 x’y 
where X is a T by & matrix of obser- 
vations on the regressors and y is a 
similarly defined T by 1 vector for 
the dependent variable. Now suppose 
that only r observations are used to 
estimate 6. Then for r > k, 


by = (X;X,)" EX ¥ps 


= k+1,...,T; (3) 


where < = (Xi... 
[y1,.--,¥,]- By introducing succes- 
sive (for example, new sets) observa- 
tions, one can obtain T-k+1 estimates 
of 8 denoted by Me, O43, -- OT: 
The },’s may be obtained recursively 
(without repeated matrix inversion) 
from the expression: 


, ee 
+» ay] andy, = 
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We fit five demand equations which link 


per capita disappearance of beef, pork, 


veal, chicken, and turkey to prices 
and consumer income. 








b, = by + (XX) 1X 09,! 
Ul 
a X,b,_ 1) 


where 
(X,X,)~ 1 = (X,_y Xp, y)} 
— (%-1%-1) 


, 


X/X(X- 1%- ” i 





1 + X,(X)_ 1X1) /X, 


(See (6) and (7).) 
Now consider the T-k quantities 
defined as: 


Yr ~ Xby-} 
[1+X,(%_1X,_ 1) 1X, ] 1/2; 





Wy ~ 


FERVM 5 5d5 Bs (5) 
These recursive residuals can be 
obtained if 6 is computed recursively 
by equation (4). Note that the w, is 
the standardized prediction error of 
Yr when predicted from Xi, (aes 


X-1. The recursive residuals can be 
shown to be independent, given the 
aforementioned error assumptions. 
They are normally distributed with 
mean zero and constant variance 07 
(2). 

If the coefficient B; is constant 
up to time t=t, and different from 
then on, the recursive residuals, w,, 
will have zero mean up to ¢, and 
nonzero means thereafter. These resi- 
duals therefore give information 
about the temporal stability of the 
estimated coefficients. Brown, 
Durbin, and Evans suggested two 
tests based on the recursive residuals: 
the plot of the cumulative sum of 
recursive residuals (CUSUM) and the 
plot of the cumulative sum of squares 
recursive residuals (CUSUMSQ). 


The CUSUM Test 


The CUSUM test is based on plot- 
ting the following variable W, against 
time: 

1 


W,= = 


" 
, 2 w; 


G s=1 J 


‘tee, a RE (6) 
where 0 is the estimated standard 
deviation based on all T observations. 
The expectation of W, is E(W,) equal 
to 0. The plot of W, should be dis- 
tributed about this mean value, if we 
assume that the B’s are constant. An 
intuitive basis for a test for the 
departure of the sample path of W, 
from its mean value of zero would 
then be to find a pair of lines lying 
symmetrically. above and below the 
line W,. equals 0, so that the proba- 
bility of crossing one or both lines is 
a, the required significance level.’ 
When W,, departs sufficiently from 
the mean under the null hypothesis, 
it would cross one of these lines, 
which would indicate the presence of 
a structural change. Pairs of lines 
satisfying the intuitive basis criteria 
are those through the points defined 
by 's + a(T-k)1/2], [T + 3a(T- 
k)1 2] where “a” is a parameter, 
whose value depends on the level of 
significance @. At the 5-percent level 
of significance, a equals 0.943 (2, 
p. 154). We may reject the hypothe- 
sis of constancy for the coefficients 
8, at the selected significance level, 


?The variances used are calculated 
from the ordinary least squares residuals. 
Alternative BLUS residuals could be 
employed (8). The BLUS residuals have 
the same distribution as the structural dis- 
turbance under the null hypothesis but are 
more difficult to compute. 


if the sample path of W,, falls out- 
side the pair of reference lines. 


The CUSUMSQ Test 


The CUSUMSQ test is based on 
the plot of the values for: 


, 
jakt1 / 
T 
2 w? 
jrktl 


te BF «i., Ff. (7) 
Note that the quantity S,. lies be- 
tween zero and one (S,.= 0 ifr < k+1 
and S, = 1 if r = T), and the expecta- 
tion of S, is E(S,) = (r-k)/(T-k). 
Significance tests again can be per- 
formed by drawing a pair of lines 
parallel to the mean value line. The 
reference lines take the form (r-k)/ 
(T-k) + C. The required values for 
C, corresponding to specific values 
for a (the significance level), appear 
in (2, p. 4, table 1). For a given value 
of a, we find the value for C by 
entering the table at n = 1/2(T-k) - 

1 and 1/2a 


MODELS 


We fit five demand equations 
which link per capita disappearance of 
beef, pork, veal, chicken, and turkey 
to prices and consumer income (table 
1). Per capita disappearance of each 
commodity is expressed as a linear 
function of the own price, price(s) of 
selected other commodities (meats), 
and per capita disposable income. 
Thus, the five demand equations 
typify those used to study consump- 
tion behavior in applied contexts at 
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Table 1—Demand equations for meat and poultry, ordinary least squares, 
first quarter 1965—fourth quarter 1976 





Explanatory variables’ 





Commodity Constant SUD2 SUD3 SUD4 RPBF RPVL 





Beef 19.93 -0.4077 -0.5200 0.1477 —0.0889 0.0464 
(0.6786) (0.2813) (0.2869) (0.3151) (0.0246) (0.0222) 


Pork 16.07 ~0.1028 -0.9172 —1.6179 0.0373 
(0.7170) (0.2968) (0.2993) (0.3085) (0.0095) (0.0075) 


2.61 -0.1709 ~0.1710 -0.2921 0.0218 ~0.0402 
(0.1492) (0.0687) (0.0680) (0.0697) (0.0050) (0.0042) 


Chicken 5.35 -0.4552 ~0.1970 0.8288 
(0.2917) (0.1634) (0.1617) (0.1719) 


Turkey 5.01 -3.4800 -3,1400 -2.730 
(0.1251) (0.0731) (0.0727) {0.079) 


F-test 
von for 
Neumann hetero- 
PCDY Ratio skedasticity 


Beef 0.0083 2.44 0.48 
(0.0014) 


Pork 0.0091 20.73 72.19 0.82 
(0.0012) 


Veal 0.0010 270.97 49.42 0.87 
(0.0001) 


Chicken —0.0437 0.0260 0.0058 1.89 1.45 0.90 
{0.0053) (0.0032) (0.0006) 


Turkey 0.0050 —0.0065 0.0001 1.99 1.08 0.99 
(0.0033) (0.0036) (0.0003) 





1 Equation specifications are indicated by the table. SUD; (; = 2, 3, 4) are seasonal dummies for the second, third, and 
fourth quarters, respectively; the retail price indices per pound are, beef (RPBF), pork (RPPL), veal (RPVL), chicken (RPCK), 
turkey (RPTK), and hamburger (RPHB); finally, PCDY is per capita personal disposable income in current dollars. Standard 
errors are in parentheses. ? The von Neumann statistic indicates positive serial correlation at the 5-percent significance level. 
3 The F-test for heteroskedasticity is significant at the 5-percent significance level. 





The CUSUM and CUSUMS@Q tests suggest 
some structural stability in the quarterly 


meat demand functions. 








disaggregated commodity levels. Their 
relationship to demand theory is 
limited and they have likely evolved 
through a trial and error process with 
the available sample data. 


THE DATA 


To estimate the parameters, we 
used quarterly observations for 
Canada on per capita meat and poul- 
try disappearance, consumer price 
indexes (1971 = 100), and per capita 
personal disposable income for the 
period, first quarter 1965 to fourth 
quarter 1976. The data sources were: 
Prices and Price Indexes, Statistics 
Canada (Catalogue No. 62-002), 
National Income and Expenditure 
Accounts, Statistics Canada (Cata- 
logue No. 13-201), and files of the 
Livestock Division, Statistics Canada. 
Newly available quarterly Canadian 
data were used. There was a question 
as to whether the specifications 
evolved in the annual Canadian data 
would prove appropriate and stable 
in the quarterly time frame. 


RESULTS 


Estimates of the five demand 
equations for the full sample period 
are presented in table 1, and plots of 
the forward and backward CUSUM 
and CUSUMSQ tests are shown in 
figures 1-5.* The backward tests are 
conducted using the same procedure 
as the forward test described in the 
section on recursive residuals. The 
difference is that the observation 
index is reversed, the first being the 
last, and so on. In this case the base 


* These figures appear at the end of this 
article, just before the References. 


observations used to begin the test 
procedure are from the most recent 
k periods. The confidence lines shown 
in the figures are for @ level 0.05. 
The estimated relationships in 
table 1 conform generally with 
results of previous applied work. All 
the estimated coefficients have the 
anticipated signs. Most of the esti- 
mates are more than twice the corre- 
sponding standard errors. The pork 
and veal equations show some evi- 
dence of positive autocorrelation and 
of increasing variance over time at 
the 5-percent significance level.* 
Figure 1 (A-D) shows the 
CUSUM and CUSUMSQ plots for 
beef. Observe that the forward 
CUSUM plot gives the appearance of 
structural stability. The forward 
CUSUMSQ statistic deviates from 
the mean value line, and tends to 
underpredict in the early part of the 


*This means that the hypothesis of 
serial independence of the structural! dis- 
turbance terms may be violated, which 
makes the interpretation of the recursive 
residuals tests somewhat difficult. John- 
son and Bradshaw have shown that the 
CUSUM and CUSUMSQ tests are not 
robust in this situation (5). 


sample (up to observation 24) and 
then overpredict. The backward 
CUSUM plot also shows a tendency 
for overprediction (fig. 1 (C)), and 
the backward CUSUMSQ plot indi- 
cates a structural change at observa- 
tion 29 (or 20 forward). 

A corresponding series of F and 
Chow tests suggest that the demand 
equation for beef underwent struc- 
tural change around observation 20.° 
The subsample regressions in table 2 
show the variation in the estimated 
coefficients between the two periods. 
The estimated coefficients for the 
full sample period are more similar 
to those in the second subsample 
(observation 22-48), except for the 
dummy variables. Coefficients of de- 
termination did not differ markedly 
from that for the combined sample. 

The forward and backward 
CUSUM plots for pork (fig. 2 (A-D)) 


‘The process for making Chow and 
F tests is familiar and so it will not be 
discussed. The Chow tests applied were 
based on the one additional new observa- 
tion. The F statistics were calculated 
(where possible) by partitioning the sam- 
ple at the point at which the recursive 
residual was being calculated. 


Table 2—Estimated demand equations for beef during two sample 
subperiods 





Variable’ 


Observations (1-21)? 


Observations (22-48)? 





Constant 
SUuD2 
SUD3 
SUD4 
RPBF 
RPPK 
RPVL 
PCDY 


23.76 (9.97) 
-1.33 (3.15) 
—1.2400 (3.45) 
-0.4500 (0.50) 
-0.2223 (3.85) 
0.0284 (1.70) 
0.1234 (1.63) 
0.0078 (0.68) 


19.5400 (19.99) 
0.2545 (0.67) 
0.0271 (0.07) 
0.1873 (0.46) 

-0.0767 (2.86) 
0.0043 (0.38) 
0.0356 (1.40) 
0.0089 (5.11) 





1 See table 1 for definitions of variables. ? ’t’’ statistics are in parentheses. 





Along with the plots, these evaluations 


indicate sample periods over which 
the structure can be taken as stable. 








deviate from the mean value lines, 
although these and the CUSUMSQ 
statistics lie within the confidence 
bounds. The backward CUSUM tends 
to overpredict up to observation 28 
and then underpredict. The forward 
and backward CUSUMSQ plots have 
the tendency of being below the 
mean value lines. We expected this 
for forward CUSUMSQ (when hetero- 
skedasticity is present) but not for 
the backward plot (7). Computed 
sequential F tests confirmed the 
instability of the structure in the 
early part of the sample period. The 
Chow test for backward recursion 
indicated a structural change at 
observation 29 (or 20 forward). 
The veal equation in table 1 
showed both autocorrelation and 
heteroskedasticity. The CUSUM and 
CUSUMSQ plots for veal appear in 
figure 3 (A-D). The forward CUSUM 
statistic begins to deviate (over- 
predict) from the mean value around 
observation 29. The backward 
CUSUM also diverges from the mean 
value as early as the second observa- 
tion. These deviations in the forward 
and backward plots, however, are not 
significant at the 5-percent level. 
Both the forward and backward 
CUSUMSQ plots tend to be below 
the mean values but, again, not at 
statistically significant levels. The F 
and Chow tests computed at each 
iteration indicate structural instabil- 
ity at observation 29. Users should 
interpret these conclusions with 
caution because of the autocorrela- 
tion and heteroskedasticity present. 
The forward and backward 
CUSUMSQ plots (fig. 4 (B and D)) 
for chicken appear more structural- 
ly stable than the forward and back- 
ward CUSUM plots (fig. 4 (A and C)). 
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The CUSUM plots tend to diverge 
from the mean value. After observa- 
tion 27, the forward CUSUM under- 
predicts while the backward CUSUM 
overpredicts. None of these plots, 
however, crosses the confidence 
bounds. The series of F and Chow 
tests are not consistent in indicating 
a change in structure. 

Finally, the forward and back- 
ward CUSUM plots for turkey (fig. 5 
(A and C)) show strong tendencies to 
underpredict early in the sample 
period and continue to do so through- 
out. The deviations from the mean 
values, however, are not significant. 
The forward and _ backward 
CUSUMSQ plots (fig. 5 (B and D)) 
give the appearance of structural 
stability, as confirmed by the 
sequence of F and Chow tests. 


CONCLUSIONS 


The CUSUM and CUSUMSQ tests 
suggest some structural stability in 
the quarterly meat demand functions. 
Applied as a part of routine estima- 
tion procedures, these recursive resi- 
dual analyses can be used to select 
appropriate sample periods and 
model specifications. The major limi- 
tation is that the power of these tests 
is erratic and may be low against 
alternative hypotheses (4). In addi- 
tion, these tests are sensitive to possi- 
ble errors in the specification for the 
distribution of the disturbances; 
specifically, serial correlation and 
heteroskedasticity. 

From a practical viewpoint, these 
tests simply add structure to a pro- 
cedure widely used in applied work 
for examining the appropriateness of 
estimated equations; that of compar- 
ing calculated residuals. The differ- 


ence is that, by using the CUSUM 
and CUSUMSQ methods, statistical 
evaluations of these differences can 
be obtained. Along with the plots, 
these evaluations indicate sample 
periods over which the structure can 
be taken as stable. The recursive esti- 
mation procedure makes the tests 
possible with only minor additional 
computational burden. Major sources 
of predictive errors for simple models 
of the type presented are associated 
with changes in structure. Thus, the 
tests provide a valuable addition to 
the stock of diagnostic techniques 
available to the careful analyst. 
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Estimating Demand Relations 
Using Futures Prices 


By William G. Tomek* 








In 1974, Roger Gray (3) wrote: 
“The demand curve for grains may 
have grown steeper at higher price 
levels.’ He did not test this hypoth- 
esis, but presented an example that 
used observations on futures prices 
and on crop size forecasts to com- 
pute elasticities for 2 different years. 
An objective of this article is to elab- 
orate on the use of futures prices to 
estimate expected demand relations. 
Gray’s simple procedure is formal- 
ised and illustrated with data for 
corn. Then, his hypothesis is revisited, 
and the results are given a somewhat 
different interpretation. The princi- 
pal conclusion, however, is that the 
procedure probably has more use as 
a descriptive tool for students of 
commodity markets than as a method 
of estimating structural coefficients. 


METHODOLOGY 


The U.S. Department of Agricul- 
ture’s preharvest forecasts of crop 
size provide a measure of expected 
supply. A corn production forecast, 
for example, is available no later than 
July 12 based on July 1 conditions 
(13).? This estimate and a corre- 
sponding futures price (say, the clos- 
ing quotation for December delivery 
on July 13) may be viewed as the 
point of equilibrium of supply and 


*The author is a professor of agricul- 
tural economics at Cornell University, 
Ithaca, N.Y. At the time this research was 
conducted, he was a visiting economist 
with the National Economics Division, 
ESCS. 

’ Italicized numbers in parentheses refer 
to items in References at the end of this 
article. 

?July estimates were not made in 
1971-74, inclusive. 
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Preharvest production forecasts can be 
combined with contemporaneous price 
quotations for futures contracts to 
estimate demand equations, but the 
methodology has limitations for estimat- 
ing structural coefficients. An application 
using data for corn highlights the difficul- 
ties. The methodology, however, does 
seem to be a promising descriptive tool, 
and it may also provide helpful informa- 
tion about structural relationships. 

Keywords 

Futures prices 
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Forecasting 








demand schedules, given the informa- 
tion available in mid-July. Crop fore- 
casts for corn are also made in 
August, September, October, and 
November. Hence, five observations 
are generally available each year on 
price and quantity. 

The question is: Can these obser- 
vations be used to estimate a demand 
relation? Although a correct model 
is needed, just four or five observa- 
tions exist per year. One simple 
model is: 


Pr= a+ BQi t+ et (1) 


where: 
Q = crop size forecast made 
by USDA, 
P = price quotation for a futures 


contract at the time of 
release of Q, 
Lay cok US = ior). 


In demand analyses for many farm 
products, Q is assumed to be prede- 
termined, and P is the endogenous 
variable adjusting to the changes in 
supply. 

In estimation of a demand rela- 
tion, however, equation (1) is likely 


to be underidentified in some years, 
the first potential problem. If supply 
shifts while demand remains stable, 
the regression would provide an 
identifiable estimate of the demand 
parameters. Changes in demand, 
however, may be large relative to 
changes in supply, and the changes 
may be correlated. Revisions in crop 
forecasts are sometimes serially cor- 
related (say, revised downward each 
month), and if demand changes are 
also serially correlated over the same 
time interval, the shifts will be corre- 
lated. Clearly, the slope coefficient 
of the estimated regression need not 
estimate the slope of the demand 
function. 

A second potential problem is a 
lack of precision in estimation. The 
variance of a regression coefficient 
is related inversely to the variance of 
the explanatory variable. In many 
years, the variance of the crop fore- 
cast is small. Thus, even if the 
demand relation is identifiable, it 
may not be possible to obtain precise 
estimates of it. 

A third problem is the possibility 
of Q’s being measured with error. 
The question here is not whether the 
forecast equals the final estimate; it 
typically will not. Rather, does the 
reported forecast correctly measure 
the market’s expectations about 
supplies? Current price reflects the 
contemporaneous market view of 
economic conditions. Market parti- 
cipants, on balance, may not believe 
the USDA predictions, or crop con- 
ditions may have continued to dete- 
riorate after the survey. The predic- 
tion is subject to varying interpre- 
tations by market participants. Thus, 
little correlation may exist between 
the forecast and price as observed at 
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Little correlation may exist between 
the forecast and price as observed 
at the time the forecast is released. 








the time the forecast is released. * 
The variable Q also may be 
inappropriate; the crop forecast may 

not be a good measure of total 
expected supply. Carryover and the 
production of other feed grains can 
also influence the price of corn. 

A current price quotation for a 
futures contract also reflects current 
and expected demands. Thus, a 
fourth possible problem is the omis- 
sion of some variables related to 
changes in demand. One can observe, 
for a year or a quarter, systematic 
changes in variables affecting demand, 
such as the number of animal units 
influencing the demand for corn. 
This becomes more complex on a 
daily, weekly, or monthly basis. 
Truly new information occurs ran- 
domly through time. If it were 
known or predictable, such informa- 
tion already would be reflected in 
price. When new information occurs 
in a perfect market, prices move 
promptly and correctly to the level 
warranted by the information (10, 
14). 

Markets are not perfect, but prices 
apparently adjust rapidly to new 
information (6, 71). Price changes on 
futures markets are expected to be 
martingales (10). Over a month, the 


> As the crop surveys are made on the 
first of the month, price quotations also 
might be taken on the first of the month. 
In principle, the market may reflect the 
information contained in the announce- 
ment prior to the actual release of the 
announcement. Research by Gorham (2) 
and by Pearson and Houck (8) suggests 
that, at least in some years, there is an 
“announcement effect” for corn prices. 
Use of price quotations on the 13th of the 
month seems a safe choice to reflect the 
information in the release of the crop 
forecast. 


observable changes in production 
forecasts may or may not, as men- 
tioned, provide a periodic measure of 
changing expectations about supply. 
But comparable measures of demand 
changes usually do not exist. 

The empirical analysis here treats 
some, but not all, of the problems 
enumerated. For omitted variables, 
some modifications can be made in 
the model without influencing the 
degrees of freedom. Corn production 
could be deflated, for example, by 
animal units being fed, adjusted by 
estimates of carryover, and adjusted 
to include other feed grain produc- 
tion forecasts. Prices might be 
deflated. Many alternative model 
specifications are possible and are 
not the prime consideration here. 
Thus, only a few different price 
deflators are explored, particularly 
price indexes based on livestock 
futures prices. 

A trend variable was also consi- 
dered as a proxy for omitted vari- 
ables. Trend was introduced through 
the first difference equation: 


AP, = a + B(AQ,) + uz, where 


AP, (2) 


= P, ~ P,_j, and so on. 
In equation (2), one degree of free- 

dom is lost, and, following Samuelson 

(10), the error term may be hetero- 


scedastic.* Moreover, trend is likely 
to be a poor measure of demand 


* Rutledge (9) did not find hetero- 
scedasticity in changes in soybean prices. 
Futures prices are linked closely to cash 
prices for seasonally produced, continuous 
inventory commodities (12). Hence, the 
variance of the futures series is not likely 
to increase unless the variance of cash 
prices increases. Heteroscedasticity per- 


changes. The hypothesis alpha equals 
zero is likely to be accepted in most 
years, partly because expected 
demand did not change smoothly 
over the sample period. Nonetheless, 
the equation is of interest because 
of its relationship to the martingale 
model. 

Equations (1) and (2) are fitted 
by least squares, but a simple instru- 
mental variables estimator is also 
used to examine the errors-in-varia- 
bles problem. As single equations are 
fitted to a limited number of obser- 
vations, the identification issue can- 
not be faced directly. 


APPLICATION 
TO CORN 


Observations were obtained for 
USDA corn production forecasts by 
month for a series of years. These 
forecasts are released by the 12th of 
the month (73). A “final” estimate 
is released in January, and a revised 
final estimate is published the fol- 
lowing January. Just the five fore- 
casts in each year are used here. 

Closing price quotations for 
December and March futures were 
obtained for the 13th of the same 
months for which crop forecasts are 
available. Corn prices adjust rather 
promptly to new information. In 
most years, the crop forecast is not 
entirely new information; traders’ 
expectations are similar to the 
forecast (6). 

In estimation of equation (1), 
both nominal and deflated prices of 


haps is not a serious problem in the 4 or 5 
months prior to the maturity of grain 
contracts, but this is an empirical question 
that requires analysis. 
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Both nominal and real prices 
were plotted against the production 
forecasts. 








corn were considered, and three 
indexes were explored in deflating. 
The simplest to use, because it is 
published, is the Index of Prices 
Received by Farmers for Livestock 
and Livestock Products (1967 = 100), 
an index of cash prices. For estima- 
tion of expected demand for corn, 
however, it may be preferable to use 
an index based on livestock futures 
prices. Futures prices are available 
for live cattle, live hogs, shell eggs, 
and iced broilers.° Two indexes of 
livestock futures prices have been 
computed: One uses quantity 
weights derived from the official 
index of prices received; the other 
uses weights based on grain consump- 
tion. Results from the analyses of 
nominal prices and of deflated prices 
using the grain-weighted livestock 
futures index are reported in this 


5 The futures prices in the index are for 
the April delivery of cattle and hogs and 
the January delivery of eggs and broilers. 
For instance, one price in the July 1974 
index is the closing price on July 13, 
1974 of the April 1975 live cattle con- 
tract. January contracts are used for eggs 
and broilers because in some years these 
futures were not traded until:6 or 7 
months in advance of delivery, and obser- 
vations for April delivery are not always 
available in July. All prices pertain to the 
new crop year in any case, and, hence, 
represent market expectations about live- 
stock prices for the new year. The weights 
for the prices are simply the percentages 
that feed grain disappearance for each 
livestock item represent of total disappear- 
ance for the four commodities. For sim- 
plicity the weights are computed from 
1970-71 crop year data, and the price 
index is on a 1970=100 base. Cattle and 
hog futures started in the mid-sixties. 
Some markets in the early years were not 
actively traded—price quotations were not 
available in July for contracts requiring 
delivery in the next year, and data were 
not available until 1970. 
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article. (Index data appear in an 
appendix table.) 

Both nominal and real prices were 
plotted against the production fore- 
casts (figs. 1 and 2). The observations 
indicate a distinct break between 
1970-72 and 1973-78,° although of 
course the deflated prices vary less. 
The level and perhaps the slope of 
the price-quantity relationship have 
changed. 

A simple instrumental variable 
(IV) estimator was, as mentioned 
above, used for some equations. If 
we assume Q is observed with error, 
the IV procedure involves ordering Q 
from the largest to smallest, grouping 
the observations using the median of 
Q (omitting the middle observation 
when five data points exist), and 
using the observations -1 and 1 as 
the instrumental variable for the two 
groups of observations on Q. In prac- 
tice, this involves the computations: 


Py - P, 
Qo-Qy 


biv 


ayy = P - byyQ, 


where subscripts denote the respec- 
tive group averages (see 5, pp. 283- 
285). 

Equations fitted by year using 
nominal prices appear in table 1. As 


© Since it is difficult to construct an in- 
dex of livestock futures prices prior to 
1970, the sample period was limited to 
1970-78. However, if nominal prices or a 
cash price deflator are used, the scatter of 
observations in the sixties resembles those 
of 1970-72. The 1970-72 period apparent- 
ly is representative of earlier years. 


each equation has few degrees of 
freedom, the coefficient of determi- 
nation adjusted for degrees of free- 
dom, 72, is given. It can be negative 
and the negative coefficients should 
be interpreted as a zero correlation. 

The slope coefficients of equa- 
tions (1) and (2) are alternative 
estimates of the same parameter. 
For any given year, the first differ- 
ence equation (2) generally provides 
a larger (in absolute value) estimate 
than equation (1); and, for both 
equations, the slope coefficients 
differ widely from year to year. 

The intercept coefficient in equa- 
tion (2) measures, the “‘trend,” if 
any, in price from mid-July to mid- 
November of each year. Eight of the 
nine intercepts are negative, but only 
two have large ¢ ratios. First differ- 
ence regressions for 1965-69 (not 
reported) also have negative inter- 
cepts with small ¢ values. Either 
futures prices decline seasonally or 
demand has declined more often 
than it has increased in the past 14 
years (after changes in Q are 
accounted for). Both explanations 
are inconsistent with the hypothesis 
that E(P,;-P,_ 1) equals zero for equa 
tion (2) with nominal futures prices. 
Cash prices decline seasonally from 
mid-July to mid-November, but such 
behavior should be anticipated in 
futures prices. Similarly, years 
with increases in demand should 
about equal those with decreases. It 
is, however, dangerous to overinter- 
pret the results, especially for a short 
period of years. Statistically, most of 
the intercepts are zero. 

For estimation of a demand rela- 
tion, I see no compelling reason to 
use first differences. The model is of 
interest in examining the martingale 











Figure 1 
Corn: Relationship Between Futures Prices and Crop Forecasts 
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Figure 2 
Corn: Relationship Between Deflated Futures Prices and Crop Forecasts 


Deflated price (dollars per bushel) 
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Prices in 1973 and 1974 were 
above support levels, and when deflated, 
the equations have similar slopes. 








hypothesis for futures prices, but, 
given the paucity of observations, the 

Table 1—Regression estimates by year, prices not deflated loss of a degree of freedom is serious. 

The estimated slope coefficients for 

equation (2) are even more erratic 

(1) 2.473 ~0.229 than for equation (1). Analysis of the 
? (4.59) (1.90) levels of variables is simple and it 

(2) -0.073 0.621 : seems adequate for summarizing the 
051) 9.86) available information. 

(1) 1.965 0.147 Equation (1) using corn prices 
(1.31) (0.53) deflated by an index of livestock 
~0.059 0.370 : futures prices (see footnote 5) was 
(4.92) (3.86) fitted both by ordinary least squares 

(1) 0.467 0.167 (OLS) and IV (table 2). Not surpri- 
(0.95) (1.76) singly, deflating tends to raise 72. 

(2) -0.257 1.903 ; The slope coefficients are more 
(0.97) (1.09) stable from year to year after defla- 

(1) 30.750 -4.917 ting, but the yearly coefficients still 
(1.94) (1.78) vary from 0.46 to -0.56 (OLS esti- 

(2) -0.179 4.584 J mates). The price support program 
(1.39) (2.81) for corn influences the slope coeffi- 

(1) 7594 0816 cients in 1971, 1972, and 1978 (and 
(4.33) (2.25) probably 1977). The loan rate places 

(2) ~0.073 -1.273 3 a floor under prices, and demand is 
(0.39) (1.15) essentially perfectly elastic at that 

price. Thus, the slope coefficient in 

1) popes ny 1 such years is biased toward zero. 

(2) -~0.103 ~1.782 41 Prices in 1973 and 1974 were 
(0.66) (1.59) above support levels, and when 

deflated, the equations have similar 

a pgs p seo Sid slopes. The years 1975 and 1976, 

(2) -0.228 -0.776 63 also with relatively high prices, have 
(2.64) (2.30) small 7?’s and imprecise estimates of 

the slopes. The year 1970 is difficult 

(1) ‘ci bse oa to interpret. As the corn blight devel- 

(2) ws --! tld 77 oped and production forecasts 
(0.42) (3.10) declined, prices rose, but the initial 

July price may have been affected by 

(1) 3.485 -0.179 18 the loan rate. Hence, it is unclear 

(2) ype pp ~08 whether this slope, like those of near- 
(0.16) (0.89) by years, is biased toward zero. The 

slopes in 1970 and 1978 are similar 

‘Equation number in text, (2) is first difference equation. *t ratio in paren- to each other. 
meee Typically, the IV estimator gives 
results close to the OLS estimator. 
The IV estimator apparently has no 
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An equation for a particular year can 
be quite different from the underlying 
demand structure. 








Table 2—Estimates of equation (1) by year, deflated prices! 





Range of 
Q 


Estimator? Intercept Slope =2 





-0.213 
—0.233 
(3.69) 


IV 2.394 
OLS 2.483 
3 (8.85) 


-0.498 
-0.238 
(0.67) 


IV 3.800 
OLS 2.399 
(1.25) 


1.090 0 
1.126 -0.007 
(9.74) (0.32) 


-0.521 
-0.546 
(4.18) 


4.278 
4.420 
(5.93) 


4.838 
4.826 
(4.90) 


-0.563 
-0.561 
(2.75) 


0.326 
0.087 
(0.23) 


0.354 
1.045 
(0.47) 


-0.356 
-0.263 
(1.48) 


3.872 
3.309 
(3.04) 


0.504 
0.461 
(3.51) 


-1.733 
—1.464 
(1.78) 


IV 2.855 
OLS 2.851 
(19.93) 


-0.253 
-0.253 97 
(11.72; 
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'Q in equation (1) is crop size forecast in billion bushels; range of Q in 
millions; P is December futures price for corn deflated by an index of livestock 
futures prices (see text). 71V is instrumental variable defined in text. *t ratio. 


have slopes similar to the December 
equations, but typically their inter- 
cept coefficient is larger than for the 
December results. 

Given the diversity of results, 
what conclusions can be drawn? To 


special benefit for solving the errors- 
in-variables problem, although this 
estimator is simple to compute in 
this particular application. 

Results for equations using the 


price of March futures (not reported) 
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analyze demand and especially to 
compare different years, one seems 
justified in deflating; relative prices 
matter. Moreover, deflation can 
reduce the variance of the dependent 
variable while leaving the variance of 
the independent variable unchanged. 
In this context, if the slope coeffi- 
cient is positive or is negative with a 
small ¢ ratio, then, of course, a 
demand relation has not been fitted, 
at least not precisely. An 7? greater 
than 0.6 seems a necessary, but not 
sufficient, condition. 

A large range for Q is useful in 
obtaining a precise, identifiable esti- 
mate of the slope coefficient, other 
things being equal. But prices must 
be above the support level. The range 
of Q was large in 1978, but the vari- 
ance of prices was influenced by the 
loan rate. If the range of Q is small, 
as in 1973, one must raise questions 
about identification. For the deflated 
equations, however, the slopes in 
1973 and 1974 are close to each 
other; for nominal prices, the slopes 
are very different, and, presumably, 
the 1973 slope is far different than 
the true demand parameter. 

In sum, an equation for a parti- 
cular year can be quite different 
from the underlying demand struc- 
ture. The best conditions for obtain- 
ing a demand relation occur when Q 
has a large variance and P is above 
the loan rate—a relatively unusual 
phenomenon. Considerable judgment 
is required in interpreting results. 
Nonetheless, five observations per 
year convey more information than 
the single final crop estimate and 
cash price. The Government support 
program clearly influences corn 
prices in certain years. Perhaps this 
effect would be less evident with a 





The Government support program 
clearly influences corn prices 
in certain years. 








single observation per year. The data 
highlight a possible structural change 
in demand, and the simple analysis of 
futures prices and crop forecasts is a 
useful descriptive tool. 

In principle, the analysis could be 
extended by pooling the intrayear 
observations. A plausible model 
specification would allow for a 
change in the price-quantity slope 
coefficient from 1970-72 to 1973-78 
and permit changes in the level of the 
function from year to. year. Conven- 
tional demand shifters could be used. 
As noted, however, numerous prices 
were influenced by the support pro- 
gram. The slope coefficients for both 
(pooled) periods consequently are 
biased toward zero unless the model 
takes explicit account of the support 
program. 


GRAY’S HYPOTHESIS 
REVISITED 


In retrospect, Professor Gray was 
extremely fortur.ate to have selected 
1970 and 1974 as years for compari- 
son. Among the diverse results of the 
individual years, these two provide 
plausible approximations of demand 
relations for the respective periods. 
(Gray wrote in 1974, and, of course, 
he was limited to data available at 
that time.) 

Gray based his elasticities on the 
arc elasticity formula which uses just 
two observations per year. Moreover, 
his computation for 1974 uses quan- 
tity forecasts made by Conrad Leslie 
rather than USDA.’ For purposes of 


7In retrospect, the USDA forecasts in 
1974 were reasonable, in the sense that 
the slope of the equation fitted to the 


comparison with Gray, I use the least 
squares regressions for the individual 
years 1970 and 1974 (table 2) to 
compute price elasticities of demand 
(table 3). 


Table 3—Price elasticities of demand 
for corn 





Alternatives Elasticity’ 





1970 equation: 


-1.40 
~4:.27 
~2.00 


P,Q 
Q=47 
Q = 4.7, 1974 level 


1974 equation: 


, -0.78 
-0,83 
-0151 

?-0.28 


4.7 
5.7 
6.7 





‘Elasticity computed as recip- 
rocal of the price flexibility, F = 
b(Q/P). Estimated equation in table 
2.? Based on a computed price be- 
low current Government loan rate 
(support level). 


Gray obtained an elasticity of 
-0.93 in 1970 and -0.23 in 1974, and 
he interpreted the elasticities as 
being computed on two arcs of a 
given demand relation. It is prefer- 
able, given the differing regressions, 
to think in terms of two different 
demand schedules, but comparison 
of elasticities in different time per- 
iods is difficult. Measured elasticities 
can change because supply shifts 


four observations is plausible in light of 
the other data. The four crop estimates 
also varied less than 7 percent from the 
final estimate, and the IV estimate differs 
little from the OLS estimate of the slope. 


along a given demand function, 
which causes the elasticity to be 
computed at different points on the 
given schedule (Gray’s interpreta- 
tion). Elasticities can also change 
because of the changing slope and 
level of demand or for a mixture of 
these reasons. 

The slope coefficient for the 1974 
equation is twice (in absolute terms) 
the coefficient for the 1970 equa- 
tion. Thus, a 1-billion bushel increase 
in corn production would have 
reduced the deflated price of corn 23 
cents per bushel in 1970 and 56 
cents in 1974. With supply constant 
at 4.7 billion bushels (within the 
range of both the 1970 and 1974 
equations), the elasticity is -1.27 in 
1970 and -0.83 in 1974. The level of 
demand, however, is larger in 1974; 
4.7 billion bushels are estimated to 
have sold for $1.39 per bushel in 
1970 and $2.19 in 1974 (both in real 
terms). With the 1970 slope at the 
1974 level, the elasticity is -2.00 ver- 
sus the -0.83 computed on the 1974 
equation. In this sense, the elasticity 
in 1974 is not quite one-half the 
elasticity in 1970—-a sharp difference, 
though not the fourfold difference 
suggested by Gray’s illustration. 

More sophisticated models than 
those used here have obtained price 
elasticities of demand for feed grains 
that range from -0.25 to -0.9 (sum- 
marized in 1, pp. 6-14; also see 7). 
With the 1974 equation, price elasti- 
cities vary from -0.83 to -0.28 as 
corn production varies from 4.7 to 
6.7 billion bushels (table 3). 

Gray proposed three reasons to 
support a hypothesis of a more price 
inelastic demand for corn: (a) grow- 
ing affluence of consumers leading to 
a diet with more livestock products, 


37 





An exceptionally large dose of judgment 
is required to use the futures price data 


to estimate demand relations. 








(b) the entry of state trading on a 
large scale and its influence on 
export demand, and (c) a tendency 
of some importers to stockpile 
during periods of shortage. 

A fourth potential reason is the 
influence of the price support pro- 
gram, especially prior to 1973. The 
key question is whether the slope 
coefficient of the 1970 equation is 
biased toward zero by the support 
program. This question cannot be 
answered definitively. Prices in 1970 
were higher than in some previous 
and subsequent years, yet the slope 
of the 1970 equation resembles 
coefficients in some other years 
where supports were effective (such 
as 1978). 

A scatter diagram for soybeans 
(not shown) has the qualitative char- 
acter of figure 1—a sharp break be- 
tween 1972 and 1973—and soybeans 
were much less influenced than corn 
by support levels. It would, then, 
seem to be a mistake to attribute the 
possible structural change in 1973 
solely to the effect (or lack of effect) 
of the support program. It would 
also clearly be a mistake to apply the 
slope coefficient for 1974 to years 
when supports are operating. The 
seeming structural change in demand 
for corn remains a puzzle that cannot 
be answered by the simple models 
used here. 


CONCLUSION 


In this article, I stress the difficul- 
ties of estimating a demand function 
from observations on futures prices 
for a single year. Nonetheless, in 


some years, it is possible, and this 
methodology may permit identifica- 
tion of structural changes more 
rapidly than with annual data. An 
exceptionally large dose of judg- 
ment is required to use the futures 
price data to estimate demand rela- 
tions. 

The futures prices-crop forecasts 
observations, however, convey 
information even if a demand elas- 
ticity is not estimated, and they 
provide more information than the 
single final crop estimate and Decem- 
ber price. In addition, the basic data 
for corn can be modified by price 
deflators based on livestock futures 
prices, by estimates of carryover, 
and by estimates of the production 
of other feed grains. Graphic analysis 
or simple regressions easily summa- 
rize current market conditions rela- 
tive to historical conditions. Thus, 
the ideas presented may have more 
value as simple descriptive and analy- 
tical tools for extension economists 
and other students of commodity 
markets than as a procedure for 
fitting precise demand functions. 
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Appendix: Index of futures prices for livestock 





Index 
Year and month 1970=100 Year and month 





1970: 


July 
August 
September 
October 
November 


1971: 


August 
September 
October 
November 


1972: 


August 
September 
October 
November 


1973: 


August 
September 
October 
November 


1974: 


August 
September 
October 
November 


1975: 


July 
August 
September 
October 
November 


1976: 


July 
August 
September 
October 
November 


1977: 


July 
August 
September 
October 
November 


1978: 


July 
August 
September 
October 
November 








Research Review 


EXCHANGE RATES IN INTERNATIONAL 
COMMODITY MODELS: THE COMMON 


CURRENCY QUESTION 


By William H. Meyers* 








In a review of problems with inter- 
national commodity models, Labys 
(5) questions the omission of mone- 
tary factors such as inflation and 
exchange rates.' Monetary factors 
have been more volatile in recent 
years, and their effects have conse- 
quently become more important. 
This note presents an evaluation of 
alternative methods of incorporating 
exchange rates in commodity models 
with particular emphasis on pooled 
cross-section time-series estimation. 

Two communications in the 
American Journal of Agricultural 
Economics (AJAE) have dealt briefly 
with methods of incorporating 
exchange rates in estimated supply 
and demand equations for use in 
international commodity models. 
Bjarnason, McGarry, and Schmitz 
(1) advocated converting variables to 
common currency prior to estima- 
tion. Elliott (2) argued that equation 
coefficients should be estimated in 
national currency and converted 
to common units. Both results were 
derived from time-series analysis. 
Neither study addressed the common 
currency question in the context of a 
pooled cross-section time-series esti- 
mation model. 

Pooling time-series data across 
two or more countries is sometimes 
desirable, especially in demand studies 
where short data series and multi- 
collinearity in prices and income 
combine to limit the precision of the 
estimates. In this note, alternative 
methods of handling currency differ- 
ences in time-series analysis are com- 


*The author is an assistant professor in 
the Department of Agricultural Economics 
at Iowa State University. The research for 
this note was conducted while the author 
was an agricultural economist with the 
National Economics Division, ESCS. 

'Italicized numbers in parentheses 
refer to items in References at the end of 
this note. 


AO 


pared and the common currency 
question is examined in a pooled, 
cross-country time-series model. 
Elliott thought that the estimation 
procedure could limit the flexibility 
of the model; therefore, the estima- 
tion of equation coefficients and the 
operational use of these coefficients 
are both considered here. 


Currency Conversion 
in a Time-Series Model 


Bjarnason, McGarry, and Schmitz 
(BMS) advocated the use of a fixed 
“‘base’’exchange rate rather than the 
annual exchange rates for conversion 
purposes regardless of whether they 
used a price deflator. When prices are 
deflated, the base years of the 
deflator and the exchange rate 
should coincide. Elliott implied that 
the BMS method lacked the flexi- 
bility required to consider exchange 
rates differing from those used in 
estimation. He preferred to estimate 
the equations in national currencies 
and then to convert to a common 
currency by multiplying the price 
coefficients by the appropriate 
exchange rates. 

These methods are now compared 
through use of a simple time-series 
estimation model. As the BMS meth- 
od merely transforms all currency 
data by a constant multiple (r), it is 
easily shown that: 


B=rC (1) 


where: 


B Vector of national currency 
coefficients of Elliott, 

C Vector of common currency 
coefficients of BMS, 
Scalar base exchange rate. 


Thus, if B is an unbiased estimator of 
the true coefficients, rC is also. How- 


ever, if annual exchange rates are 
used to convert the data (that is, if 

r is a vector of annual rates), it can 
be shown that least squares estimates 
of the coefficients are biased. 


Constant Exchange Rate. 


Let us consider a time-series 
demand model with K independent 
variables. Demand responds to inter- 
nal price and income levels; therefore, 
all variables are assumed to be in 
units of national currency. Let the 
true model be: 


Y=XB+e (2) 


Vector of T observations on 
the dependent variable (for 
example, food consumption 
per capita), 

Matrix of T observations on 
the K independent variables 
(for example, prices and 
income per capita), 

Vector of K true parameters, 
Vector of stochastic disturb- 
ances. 


The least squares estimator of £ is B: 


B = (X'X)-1x’'y (3) 
Let r be the constant base 
exchange rate in dollars per unit of 

national currency,? and define the 
price and income variables in dollars 
as Z equal to rX. Thus the estimation 
model in dollars is: 


Y=ZC+v (4) 


? If the variables are deflated by a price 
index, the Bjarnason, McGarry, Schmitz 
method would use the exchange rate for 
the year which is the base of the price 
index. 











As r is scalar, the relationship be- 
tween the least-squares estimators C 
and B is: 

1 
C= — (B) (5) 

It is clear from the relationship 
between the estimated coefficients in 
equation (5) that, having done the 
regression in dollars using a fixed 
exchange rate, one can always find 
the national currency parameters B. 
And it is clear that one can always 
convert to a different exchange rate 
r* if necessary—for example for pro- 
jection or simulation purposes—by 
calculating new coefficients C*, so 
that: 


(6) 


1 
C*=—, (C) = Fx(B) 


These changes can be made direct- 
ly in the model equations as in 
Elliott’s method—precisely what 
Elliott implied was not possible with 
the BMS method. It demonstrates 
that converting with a fixed base 
exchange rate does not cause loss of 
flexibility. 


Variable Exchange Rate 


Bjarnason, McGarry, and Schmitz 
did not make explicit why it is prefer- 
able to convert with a base exchange 
rate rather than annual rates. Using a 
base exchange rate merely changes 
the estimated coefficients by a 
known constant, whereas using 
annual exchange rates would general- 
ly give estimates of B that are biased 
and not merely ‘‘less than favorable.”’ 

Considering the case of conversion 
with a vector of annual exchange 
rates (r;) that vary across time will 
demonstrate this bias. Let the estima- 
tion model in dollars be redefined as: 


Y=ZD+vu (7) 


where: 








The least squares estimator D is: 


D = (X'P’PX)- 1 x’P’Y (8) 
Substituting (2) into (8) and taking 
the expected value of D yields: 

E(D) = (X'P‘PX)-1x'P’xp (9) 

The expected value of D is not 
equal to a constant transformation of 
the true coefficient vector B except 
in the trivial case where X is non- 
singular and there are zero degrees of 
freedom. 

The conclusions are clear. For 
estimation purposes it makes no 





In Earlier Issues 


Efforts to survey the qual- 
ity of housing are not new... 
In the unhappy event that the 
civilian population must be 
moved away from industrial 
areas during an emergency, 
rural shelter will be greatly in 
demand. A quick method of 
recording the quality of houses 
might be needed. 


Roy Burroughs 
AER, Vol. IV, No. 2 
April 1952, pp. 33 and 40 





difference whether one uses national 
currencies or transforms the data to 
a common currency with a fixed 
exchange rate. The choice of method 
is a question of convenience to the 
researcher. However, conversion with 
variable exchange rates gives param- 
eter estimates that cannot be inter- 
preted as constant multiples of the 
national currency coefficients. 


Currency Conversion 
in a Pooled Model 


A pooled cross-section time-series 
model represents an important in- 
stance in which it may be necessary 
to convert all values to a common cur- 
rency. If there are no cross-sectional 
constraints on the estimated coeffi- 
cients, either national currencies or 
fixed exchange rates can be used. 
This is the case when estimating the 
coefficients of “‘seemingly unrelated 
regression”’ equations. However, if a 
cross-sectional constraint is imposed 
on a price or income variable in a 
pooled model, it is imperative to con- 
vert that data to a common currency 
prior to estimation. A simple exam- 
ple of this case is that of using cross- 
country time-series data to estimate 
an Engel curve to test the hypothesis 
of equal income elasticities across 
countries. 


Unconstrained Model 


To illustrate the case of ‘‘seeming- 
ly unrelated regression’’ equations, 
let us consider two countries with 
estimation models of the form 
specified in (2) above with no cross- 
sectional constraints on coefficients: 
i=1,2 


Y; = XB; + uj; (10) 


The unconstrained pooled model 
is: 


Al 











= + 
Yo 0 X9 Bo uo 


~ 


Y=XBrtu (11) 
Let the currency in country 1 be 
dollars and that in country 2 be 
francs, and let “9 be the constant 
base exchange rate for country 2 in 
dollars per franc. Then the pooled 
estimation model in dollars is: 


Y=ZC+t+v (12) 


0 
KxK identity matrix 


As R is nonsingular, the relation- 
ship between the OLS estimators of 
B and C is: 

C=R-1B (13) 

The OLS estimator is consistent 
but not efficient for “seemingly 
unrelated regressions.’’ An efficient 


estimator is Aitken’s generalized least- 


squares (GLS) formula (4, p. 504), 
and the relationship between the 
Aitken GLS estimates of B and C is 
also: 
Cc? = R-1pa (14) 

In both the OLS and GLS results, 
all the coefficients in country 2 are 
changed by the multiple 1/rg when 
the variables are converted into 
dollars. The coefficients in country 1 


42 


remain the same because the units of 
measurement have not been changed. 
These results do not differ from 
those for a single-country model. 


Constrained Model 


To illustrate the case of a con- 
strained estimation model, let us 
consider an Engel curve which is esti- 
mated with data from two countries 
to test for the equality of income 
elasticities across countries.* Estima- 
tion with nominal and real values 
should be compared as the results of 
these two cases differ. 

For this purpose a simple 2-varia- 
ble estimation model for an Engel 
curve is specified: 


InQj¢ = a; + 6; INXjz + ujy 


InQj; = cj + dj InY jy + vj 
where: 


Q Per capita food consump- 
tion in country 1, 
Real per capita income 
expressed in national cur- 
rency units, 
Nominal per capita income 
expressed in national cur- 
rency units. 


If only the income coefficients are 
constrained to be equal in the two 
countries, the intercepts may differ 
and the pooled estimation model can 
be written in matrix notation as: 


>The Fisher F-test determines whether 
or not the sum of squared residuals 
increases significantly when the elasticities 
are constrained to be equal (3). 


where: 


. 
InQj4 


InQ\7 
InQo4 





; er 


iO ts | 


1 0 InXy7 
0 1 InX9, 


InXom 











In the corresponding model using 
real income, ty replaces Xj; in the 
Y matrix. 

It is clear that the X (or Y) varia- 
bles must have the same units of 
measurement in the two countries. 
The question is whether a fixed 
exchange rate or the annual exchange 
rates should be used to convert coun- 
try 2’s francs to dollars. In this case, 
“the same units of measurement”’ 
means that the current francs in the 
“nominal values’? model should be 
converted to current dollars, and in 
the ‘‘real values’? mode!, real francs 
should be converted to real dollars. 

Conversion of current francs to 
current dollars requires the use of 
annual exchange rates: 


rorXor = $Xoz (18) 





If little or no variation in exchange. 


rates occurs during the estimation period, 
a fixed rate may be used. 








Nominal per capita income 
in dollars, 

Annual exchange rate in 
dollars per franc, 

Nominal per capita income 
in francs. 


However, equation (9) above 
shows that converting with the vary- 
ing annual exchange rates changes 
the within-country variation and 
biases the estimated coefficients. 

If a fixed base exchange rate (rop) 
is used to convert X, the result is: 


ropXat = $Xoz 


(19) 


+ (ron - rot) Xt 


Thus, converting with a constant 
base exchange rate introduces mea- 
surement error unless the exchange 
rate is in fact constant. This method 
will generate the correct nominal 
value ($X9;) only in years when the 
annual exchange rate equals the base 
exchange rate. Therefore, for a ‘“‘nom- 
inal values”’ model, neither conver- 
sion approach is entirely satisfactory 
when exchange rates are changing. 
If exchange rates do not vary signifi- 
cantly over the period of estimation, 
a fixed rate can be used. 

For a “‘real values’’ model, the 
price deflator must have the same 
base year in both countries. Let us 
suppose the base year is 1975. Then 
the 1975 exchange rate would con- 
vert 1975 franes to 1975 dollars: 


$Y = Per capita income in 1975 


dollars, 


1975 exchange rate in dol- 
lars per franc, 

Per capita income in 1975 
francs. 


In this case there is no conflict. 
The conversion factor preferred for 
the “‘real values’’ pooled model does 
not have undesirable effects on the 
country 2 estimates. The country 
equations can be separated after the 
pooled estimation, and the country 
2 coefficient can be converted to a 
national currency coefficient if that 
is desired for simulations or projec- 
tions. 

These results can be extended to 
price variables and to any number of 
countries. The estimated coefficients 
from a constrained regression are not 
generally identical to those of the 
unconstrained or separate country 
regressions. But the Fisher F-test of 
equality of coefficients among 
regressions can be used to determine 
whether or not the constraint causes 
statistically significant changes in the 
coefficients. 


CONCLUSIONS 


When supply or demand equations 
are estimated for individual countries, 
currencies may be converted with a 
fixed exchange rate prior to estima- 
tion or national currencies may be 
used. In either case, there are no 
constraints. on the exchange rate 
assumptions when the equations are 
subsequently used in an equilibrium 
model. The conversion to alternative 
exchange rates for simulation or fore- 
casting can be made with price link- 
ages or by appropriate changes in 
coefficients of the equations. 

Supply or demand equations can 
be estimated with a pooled cross- 
section time-series model and cross- 


country constraints can be imposed 
on any coefficients. The correspond- 
ing variables must be in common 
units of measurement. In a model 
specified in nominal values, neither a 
variable annual exchange rate nor a 
fixed exchange rate conversion is 
fully satisfactory. If little or no varia- 
tion in exchange rates occurs during 
the estimation period, a fixed rate 
may be used. In a model specified in 
real values, the exchange rate for the 
base year of the price deflator should 
be used to convert variables to a 
common currency. 
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USE OF PROBABILITY 
ASSESSMENTS AND SCORING 
RULES FOR AGRICULTURAL 


FORECASTS 


By David A. Bessler and Charles V. Moore* 








Analysts in Government agencies, 
universities, private research firms, 
and other institutions often make 
predictions about random variables 
that interest large groups of users. 
Examples include: aggregate fore- 
casts of agricultural yield and produc- 
tion levels, forecasts of aggregate 
price and employment levels for the 
general economy, and forecasts of 
price levels for particular commodi- 
ties. These predictions are often given 
as point forecasts—-elicited with little 
or no explicit motivation and often 
with no explicit feedback or system- 
atic evaluation. 

The existing systems for reporting 
these forecasts implicitly recognize 
their uncertainties, yet these uncer- 
tainties usually are not stated pre- 
cisely. Qualifiers such as “‘around,”’ 
“about,” or “should be around,” are 
often used. These rather imprecise 
suggestions do not summarize fully 
the information possessed by the 
commodity experts. 

We investigate here the plausi- 
bility of forecasters’ reporting, along 
with possible qualitative statements, 
their subjective degrees of belief 
of alternative future events. More 
precisely, we consider the following: 
first, the usefulness of the more 
detailed probabilistic statements to 
potential users; second, methods for 
derivation of these probabilistic 
statements; and third, applications 
of these methods with groups of 
interested subjects. 


*Assistant professor of agricultural 
economics at Purdue University, and agri 
cultural economist with ESCS at the Uni- 
versity of California-Davis, respectively. 

'The recent step taken by USDA of 
specifying ranges (lower and upper bounds) 
for some forecasts exemplifies what we 
consider to be a step in the right direction; 
however, as we argue in this note, a more 
general procedure can be followed. 
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WHY THE ENTIRE 
DISTRIBUTION? 


In the last fifty years, economists 
have gone far in establishing the 
theoretical relationships concerning 
choice under uncertainty. Individual 
behavior, consistent with the expect- 
ed utility hypothesis (6) will involve 
an ordering over the entire distribu- 
tion of consequences.? A user of 
information on future events, who 
behaves (or would like to behave) 
according to these postulates of 
rational choice would, therefore, 
be interested in _ probability 
weights assigned to all possible 
outcomes. 

Despite this theoretical motiva- 
tion, some may argue that users are 
not properly trained to use proba- 
bilistic forecasts. That is, farmers, 
consumers, and Government re- 
search workers generally are trained 
to work with only point forecasts. 
This may often be true, yet training 
in use of probabilistic forecasts can 
yield great benefits—in particular, 
the benefits from making decisions 
based on a more complete descrip- 
tion of an uncertain future. Lindley 
makes a similar point: 


. experiments have heen 
performed which show that 
individuals do not reason 
about uncertainty in the way 
described in these volumes 
(probabilistic reasoning)... 
To spend too much time on 
description is unwise when a 
normative approach exists, 
for it is like asking people’s 
opinion of 2 + 2, obtaining an 
average of 4.31, and announc- 
ing this to be the sum. It 


*Italicized numbers in parentheses 
refer to items in References at the end of 
this note. 


would be better to teach 
them arithmetic (8). 


In our example here, instead of 
accepting a statement from a user of 


information that he cannot reason 
without one particular ‘‘best’’ guess, 
we can often instruct him in the use 
of probabilities. 

It would also seem possible that 
forecasters themselves would prefer 
expressing their views as probabili- 
ties instead of single point estimates. 
As future events are uncertain, an 





In Earlier Issues 


Confusion abounds in the 
literature describing investiga- 
tions of consumer acceptance 
and consumer preference. The 
two basic causes are the same 
two that cause confusion 
throughout the whole field of 
investigative research. The first 
is the failure to define precise- 
ly, and suitably restrict the 
subject of investigation. The 
second is the failure to employ 
a technique which can meet 
the objective. 


Glenn L. Burrows 
AER, Vol. IV, No. 2, p. 52 
April 1952 





expert should not be forced (as 
frequently occurs) into picking a 
specific figure. Doing so seemingly 
represents as certain that which every- 
one recognizes as uncertain. Some 
will argue that a point estimate will 
do enough by centering the distribu- 
tion, but we believe that ignoring all 
possible densities can waste poten- 
tially useful information. It may not 
allow the expert to describe fully his 
knowledge about future events. 





As future events are uncertain, 


an expert should not be forced (as frequently 


occurs) into picking a specific figure. 








METHODS 
OF ELICITATION 


In the past no suitable theory of 
elicitation existed, and any venture 
into this area could have been 
described as mere conjecture by the 
expert. However, in the last 10 years, 
a rich theory of assessment has been 
developed and applied in areas of sim- 
ilar interest—most notably weather 
forecasting. By use of the proper 
scoring rules, an expert can be 
encouraged to state his beliefs so that 
they correspond to his true beliefs 
(10). That is, the use of proper scor- 
ing rules implicitly recognizes the 
possibility that a probability assessor 
may not have sufficient motivation 
to make his stated beliefs correspond 
to his true beliefs. The rules provide 
such a motivation. In addition, the 
rules can be used to rank assessors, 
after the fact, as to the ‘“‘goodness”’ 
of their assessments.° 

An assessor may be faced with the 
task of forecasting the future value 
for a continuous random variable Y 
(Y might be a future price or yield 
level). The assessor can be asked to 
state subjective probabilities associ- 
ated with n + 1 mutually exclusive 
and collectively exhaustive intervals 
Y4, Yo,.-. +, Yn + 1. That is, the 
range of possible outcomes which Y 
can take can be broken up inton+1 
intervals (fig. 1). 

We can ask each torecaster to state 
his best guess of the chance that the 
actual outcome falls into the defined 
categories. The intervals chosen for 
our example are arbitrary; yet, 
chosen carefully, they should repre- 
sent well the uncertainty present in 


>We will not treat the goodness evalua- 
tion aspect of these rules here. For discus- 
sion of this point, see Winkler and Murphy. 
Suffice it to say, that the same rules can 
be used to rank assessors afterwards as to 


goodness. 


FIGURE 1 


Hypothetical partition of possible outcome line 





the assessor’s mind. Clearly, the 
improper choice of intervals (too 
many or too few) can misrepresent 
our assessor’s beliefs. Thus, consider- 
able care and possible experimenta- 
tion will be required to use the rules 
we described. 

Because the true beliefs exist only 
in the assessor’s mind, there is no 
obvious way to determine whether 
the stated beliefs actually correspond 
to the true beliefs. To motivate the 
expert to make this equalization, let 
us present him or her with a scoring 
rule: Ip(r). The rule rewards the 
assessors, depending upon the proba- 
bility assessment they give (r) and 
the event which actually occurs (k). 
Of course, assessors will not know 
their actual scores at the time of the 
assessment, but they will be able to 
make a judgment about its expecta- 
tion. That is, they will have an 
expected score or payoff which 
depends upon their true beliefs (p) 
and their stated beliefs (r). Their 
expectation will thus be given as: 


n+1 
I(r,p) = 2 Pz, I, (pr), 
k=1 k tk 


where again r and p represent n + 1 
vectors of the assessor’s stated and 
true beliefs, respectively, while pp, 
represents the true belief on event k. 
In choosing specific rules, we 
want to select one that encourages 
the assessors to set r equal to p. A 


particular class of rules, which does 
just this, has been defined and 
studied under the label of proper 
scoring rules. A scoring rule is said 
to be strictly proper if I(p, p) is 
greater than or equal to I(r, p). That 
is, strictly proper scoring rules give 
the expert the highest expected pay- 
off for setting stated beliefs equal to 
his or her true beliefs; p equals r. 

Specific proper rules which have 
been proposed are the logarithmic 
rule (7), the quadratic rule (3), the 
spherical rule (9), and the ranked 
probability score (5). The logarith- 
mic rule will be discussed here. Also 
see (J and 12). 

The logarithmic rule rewards or 
penalizes the assessor according to 
the stated probability associated with 
the event which actually occurs: 


(1) 


I,(r) = In (rp). 


Because it involves only the stated 
probability of the event which actual- 
ly occurs, this rule is rather easy to 
understand and can be quite useful 
for assessors not in the habit of stat- 
ing their beliefs in probabilities. The 
other rules listed above define pay- 
offs as the entire set of stated beliefs 
(the entire vector r). As one might 
expect, these more complex rules can 
be somewhat confusing, especially 
for untrained assessors. Thus, the log- 
arithmic rule has been urged for use 
by untrained probability assessors (1). 
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It is desirable, other things being equal, 
to pick the rule which is most responsive 


to deviations of the stated beliefs (r) 
from the true beliefs (p). 








Obviously, the rule defined in 
equation (1) will give an assessor 
negative payoffs. Its range is minus 
infinity to zero. While this interval is 
theoretically acceptable, it presents 
a practical problem: we usually do 
not wish to give assessors extremely 
large negative payoffs (how do we 
give, for instance, a payoff of minus 
infinity?). Usually, in elicitation 
work, we do not wish to give nega- 
tive payoffs at all. To avoid this 
problem, Shuford and others suggest 
we modify the rule given in equation 
(1) by truncating the payoffs at some 
arbitrarily selected small probability 
and adding a constant to all payoffs— 
a constant sufficient to make all pay- 
offs positive (11). That is, we can 
amend equation (1) as follows: 


Ip(r) = 


b ‘ O<rp< 0.01 


a+Inrp, 0.01 < rp <1. 


The constant b should be selected to 
be less than the payoff given to the 
stated belief of (0.01); a should be 
selected so all payoffs are positive. 

The truncated rule is not strictly 
proper. As one might guess, problems 
exist in meeting the proper condi- 
tions at the point of truncation. 
However, in most practical situations 
(except when small probabilities are 
desired), the truncated rule ought to 
give good results. 

We now graph the expected pay- 
off from a logarithmic rule applied to 
the probability assessment for two 
mutually exclusive and exhaustive 
events. We apply the truncated rule 
with b = 0 and a = $10. We assume 
for illustration that the assessor’s 
true belief on the first event occur- 
ring is p equals 0.70. Thus, the belief 
on the second event occurring is 
(1-p) equals 0.30. In figure 2, the 
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Figure 2 

Hypothetical i-xpected 
Payoff from the 
Truncated Logarithmic 
Rule 


Dollars 
10.00 


Expected 
Payoffs 





eis I, 





10 .50 .90 
Stated Beliefs 


horizontal axis represents alternative 
stated beliefs or assessments on the 
first event. The vertical axis repre- 
sents the expected payoff associated 
with each of these stated beliefs. As 
one can see, the assessor will maxi- 
mize the expected score by choosing 
stated beliefs to correspond with 
his or her true beliefs; so that r 
equals 0.70 and (1-r) equals 0.30. 
Any other assessment will result in a 
lower expected score. For example, 
if the expert sets r equal to 0.40, 
the expected payoff would be $9.21, 
which is less than the $9.37 if r 
equals 0.70. 

A scoring rule needs to be sensi- 
tive to deviations of r from p. It is 
desirable, other things being equal, 
to pick the rule which is most respon- 
sive to deviations of the stated beliefs 
(r) from the true beliefs (p). One can 
see in figure 2 that the logarithmic 


rule is not highly sensitive to small 
deviations. Winkler and Murphy con- 
firm this low sensitivity (15). They 
compare the sensitivities of three 
rules—logarithmic, quadratic, and 
spherical—and find the logarithmic 
rule the least sensitive. The practical 
researcher, then, must weigh the 
benefit of using the logarithmic rule 
against the cost of its lesser sensi- 
tivity. When lengthy training sessions 
are feasible for assessors, the research 
worker may opt for the more sensi- 
tive quadratic or spherical rules. 


EMPIRICAL 
APPLICATIONS 


Scoring rules have been used to 
encourage ‘“‘good’’ assessments in 
various fields, with probably the 
greatest success in weather forecast- 
ing (13). Applications in other fields 
include stock market price forecast- 
ing (12) and football score forecast- 
ing (14). We have adapted the loga- 
rithmic rule for elicitation of price 
and yield distributions for California 
field crops. 

In our particular studies, we 
found the truncated logarithmic rule 
to be convenient and reasonably 
accurate (J and 2). We wanted many 
assessments (50-75 assessors) and 
had a relatively short period for 
assessor training. By forcing the 
assessors to respond in predeter- 
mined discrete probabilities (0.00, 
0.10, 0.20, ..., 1.0; see (4)), we 
could get sensible assessments from 
them in sessions lasting a little over 
an hour. We can never be absolutely 
sure that such assessments are accur- 
ate. Yet substantial agreement exists 
among assessors in similar environ- 
ments and the assessments agree (in 
a probabilistic sense) with their time 
series representations (2). Thus, we 
feel encouraged about future use of 
scoring rules in probability assess- 
ment tasks. 





In our particular studies, we found 


the truncated logarithmic rule 


to be convenient and reasonably accurate. 
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In Earlier Issues 


It is clear that economists know what inflation is, how it 
arises, and what tools are necessary to prevent it, although 


some of the proposals suggested by economists are not 


easily accepted politically. Perhaps the major differences 


among economists relate to the importance allocated to 
each of these tools. It is also clear that no single tool will 


suffice. 


Nathan M. Koffsky 
AER, Vol. IV, No. 2, p. 61 
April 1952 








UNCERTAINTY AND THE CHOICE 
OF AGRICULTURAL POLLUTION 


ABATEMENT POLICY 


By Klaus F. Alt and John A. Miranowski* 








The environment interacts with 
agricultural production activities in 
two primary ways: it contributes raw 
material inputs and it accepts the 
residues of production and consump- 
tion activities. Historically, farmers 
could either treat wastes at their own 
expense or they could let the environ- 
merit absorb them. Now, a portion of 
the environment’s absorptive capac- 
ity has been preempted by residuals 
from nonagricultural activities, and 
today’s agricultural wastes are often 
less biodegradable. Thus, the absorp- 
tive capacity of the environment is 
frequently exceeded, and the demand 
for a cleaner environment is rising. 
The result has been an increasing 
demand for pollution abatement 
policies. 


POLLUTION 
ABATEMENT 
OPTIONS 


The policy options proposed for 
agriculture include: charges, subsi- 
dies, marketable rights, and direct 
regulation. The objective of each 
policy is to encourage farmers to 
lower their emissions of pollutants. 
Charges penalize emissions, which 
induces polluters to find disposal 
methods which are less costly than 
the penalty that they would pay for 
releasing untreated residuals. Subsi- 
dies act like bribes. The response to 
a subsidy is generally considered sym- 
metrical to that of a tax or charge. 
Marketable rights allow limited 
residuals to be disposed of after com- 
petitively purchased permits have 
been acquired. Direct regulations spe- 


*Klaus F. Alt is an agricultural econo- 
mist with the Natural Resource Economics 
Division, ESCS, and a USDA collaborator 
in the Department of Economics, Iowa 
State University, Ames. John A. Miranow- 
ski is an assistant professor in the Depart- 
ment of Economics, Iowa State University. 
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cify what actions the polluters must 
take. 

The merits of these policies can 
be examined through use of pollu- 
tion abatement demand and supply 
functions. The demand function 
measures society’s willingness to pay 
for alternative levels of pollution 
abatement. It quantifies society’s 
desire for a cleaner environment. The 
supply function measures the added 
cost of supplying various levels of 
abatement. It should account for all 
the social costs of abatement, includ- 
ing the information, enforcement, 
and administration associated with 
the abatement policy, as well as the 
direct abatement costs incurred by 
farmers. As we have demonstrated, 
ignoring these costs will underesti- 
mate the added costs of abatement 
activities and may lead to establish- 
ing excessive levels of abatement 
(4). 


CHOOSING 
THE OPTION 


The optimal level of pollution 
abatement is defined as the level at 
which the cost of supplying the last 
unit equals the price that society is 
willing to pay for that last unit. This 
level can then be imposed adminis- 
tratively by any of the policy options 
mentioned; each of them could be 
equally efficient in the absence of 
real-world transaction costs, as Fisher 
and Peterson point out (2). 

However, we know little about 
society’s demand for a cleaner envi- 
ronment, or alternatively, the 
strength of society’s willingness to 
pay for the implied pollution abate- 
ment. So we are operating with inade- 
quate and imperfect knowledge 


‘Italicized numbers in parentheses 
refer to items in References at the end of 
this note. 


about the demand function. We have 
only normative estimates of the 
abatement supply curve. Given this 
quality-of-information problem, the 
level of pollution abatement selected 
will likely be in error, which implies 
a suboptimal abatement level and a 
misallocation of resources. Thus, an 
important aspect of policy research 
is to isolate pollution policy instru- 
ments that are likely to minimize the 
social cost of an error. We now dem- 
onstrate that knowledge of the 
elasticity of the abatement supply 
function can be used to determine 
which policy instrument will mini- 
mize such cost. 


MINIMIZING SOCIAL 
COSTS OF AN ERROR 


Figure 1 presents elastic (SE) and 
inelastic (SI) abatement supply curves 
and a possible demand curve (D).? 
Consider establishing the level of 
abatement (through marketable 
rights or direct regulation) in the 
absence of perfect knowledge. In the 
elastic supply case, the social cost of 
requiring abatement at level b when 
level a is the optimum is the area a. 
In the inelastic case, the social costs 
of level b when a is the optimum 
level is area a + B. 

Also consider a policy instrument 
in which we set the price, with a 
tax/charge or a subsidy/bribe (fig. 2). 
For these policy options, the social 
cost of an error for an elastic abate- 
ment supply curve is area @, which is 
greater than area B for an inelastic 
supply situation. 

The elasticity of the abatement 
supply function, then, is important 
in selection of an appropriate policy 
instrument. If the abatement supply 


? Previous work by Alt and Miranowski 
(1) demonstrates that the result is insensi- 
tive to the elasticity of the demand curve. 





An important aspect of policy research 


is to isolate pollution policy instruments 
that are likely to minimize the social cost 


of an error. 








Figure 1 
Cost of Error in Permit Program for Alternative 
Abatement Supply Functions 
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curve is inelastic, a price incentive 
scheme implies less potential social 
cost of an error. If the abatement 
supply curve is elastic, setting the 
level of abatement by direct regula- 
tions or by auctioning a fixed quan- 
tity of pollution rights implies less 
potential cost of an error.* 

An abatement supply function is 
likely to have both elastic and inelas- 


3 Of course, the choice may not always 
be as clear, particularly if the abatement 
supply curve is unknown and the elasticity 
cannot be determined. 


tic ranges, and the elasticity in the 
relevant range must be determined. 
Taylor and Frohberg illustrate abate- 
ment supply curves for alternative 
policy instruments in controlling 
nonpoint source pollution in agricul- 
ture (5). At lower levels of control, 
the abatement supply curve is elastic; 
at higher levels, it becomes inelastic. 
Kneese and Schultz document similar 
increasing marginal costs of abate- 
ment for industrial firms (3). Thus, 
at less restrictive levels of pollution 
control, the social cost of an error 
tends to be minimized when the pol- 
icy selected prescribes the desired 


Abatement 


level of abatement (marketable rights 
or direct regulation). As abatement 
demand increases and abatement 
supply becomes inelastic, policy in- 
struments relying on price incentives 
(taxes or subsidies) tend to minimize 
the social cost of an error. 

The transaction costs of policy 
instruments should be included in 
estimates of the abatement supply 
function. These costs may alter the 
shape anid the elasticity of the curve. 
Particularly at higher levels of abate- 
ment, the marginal enforcement 
costs likely will rise because of higher 
resistance by polluters. Increased 
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Figure 2 
Cost of Error in Tax Program for Alternative 
Abatement Supply Functions 
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transaction costs will tend to make 
the supply curve more inelastic at 
higher levels of abatement and in- 
crease the advantages of a price- 
incentive scheme. 
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NONTARIFF AGRICULTURAL 


TRADE BARRIERS 


Jimmy S. Hillman. University of 
Nebraska Press, Lincoln, Nebraska, 
1978, xviii and 236 pages, $13.50. 








Reviewed by William E. Kost* 

Nontariff trade barriers are impor- 
tant, though generally overlooked, 
aspects of international trade in agri- 
cultural products. Hillman is con- 
cerned with the proliferation of these 
trade barriers. This concern hinges on 
the conventional free trade argu- 
ments. Nontariff trade barrier growth 
is viewed as an impediment to future 
international cooperation and to 
world agricultural efficiency. He 
maintains that unless nontariff trade 
barriers are reduced, world markets 
will become further fragmented and 
the development of efficient, low-cost 
agriculture will be severely hampered. 
The theme of the study is that: 

Agricultural trade barrier prob- 

lems residual to the Kennedy 

Round negotiations, buttressed 

by the nature of their unique- 

ness, are likely to become more 

complicated and important... 

The likelihood of international 

trade breakdown will increase 

proportionately to the unwill- 
ingness of the major agricul- 

tural producirg and trading 

nations to reduce the adverse 

impact of their domestic farm 
policies upon international 

trade (p. 181). 

Any obstacle to the flow of trade, 
except traditional customs duties, 
that discriminates against foreign 
countries is considered a nontariff 
trade barrier. Hillman analyzes the 
development of nontariff trade 
barriers, classifies them by type, cata- 
logues barriers of several countries, 
and discusses the problems of interna- 
tional negotiations aimed at relaxing 
barriers. 

His first three chapters review the 


*The reviewer is an agricultural econo- 
mist in the International Economics Divi- 
sion, ESCS. 


emergence of nontariff trade barriers. 
Prior to the thirties, tariffs were the 
principal tool of agricultural protec- 
tion in the developed countries. Dur- 
ing the financial and commercial 
breakdown in the thirties, major 
agricultural trading countries imple- 
mented domestic agricultural price 
and income policies to cope with low 
agricultural prices and mounting 
surpluses. A series of nontariff trade 
barriers were devised and implement- 
ed by the developed countries, as 
tariffs were unable to protect domes- 
tic agriculture. These barriers effec- 
tively supported domestic agriculture. 
Hillman concludes that “‘most of the 
effective trade restrictions on agricul- 
tural products that countries have 
adopted . . . have been adjuncts to 
their domestic farm policies . . . 
nations have not developed a separate 
and identifiable trade policy for farm 
products.” 

Trade liberalization negotiations 
have been conducted through the 
General Agreement on Tariffs and 
Trade (GATT) framework but these 
have focused primarily on tariff re- 
ductions. Not only were tariffs more 
tangible to negotiate, they were also 
less critical in terms of their domestic 
policy impacts. To the extent that 
negotiated tariff reductions create 
severe domestic hardship, offsetting 
nontariff trade barriers could be 
implemented. This process, over time, 
has brought nontariff trade barriers, 
relative to tariff barriers, to the fore- 
front of current trade policy issues. 

Chapter four presents a classifica- 
tion of various nontariff trade bar- 
riers that ranges from quotas, subsi- 
dies, and variable levies all the way to 
mixing regulations, import calendars, 
labeling requirements, and health and 
sanitary requirements. The major 
theme of this chapter is to impress 
upon the reader the myriad of exist- 
ing trade barriers. 


The next three chapters catalogue 
nontariff trade barriers. Chapter five 
focuses on the U.S. Section 22 quota 
system, the European Community 
(EC) variable levy system, and the 
Japanese import quota restrictions. 
Chapter six catalogues the various 
barriers existing in the United States, 
the United Kingdom, the EC-6 coun- 
tries, and Japan. Chapter seven details 
the nontariff trade barriers for red 
meat animals and red meat in these 
same countries. Barriers in develop- 
ing countries are not discussed. 

The final chapter presents the 
problems involved in liberalizing non- 
tariff trade barriers. The delicate rela- 
tionship between these trade policies 
and domestic farm policies creates 
major difficulties. Countries are 
unwilling to negotiate domestic farm 
policy in an international forum. 
This situation, coupled with severe 
difficulties in measuring levels of 
effective economic protection by 
these barriers, makes Hillman some- 
what pessimistic as to the effective- 
ness of any negotiations in reducing 
nontariff trade barriers.’ 

I have mixed feelings about this 
book. The author raises an important 
and frequently overlooked issue in 
international agricultural trade. He 
defines the problem and traces the 
evolution of nontariff trade barriers. 
For these reasons alone, the book is 
useful and should be read. However, 
I expected more. 

Hillman recommends two prere- 
quisites for successful nontariff trade 
barrier negotiations: measuring levels 
of effective protection and determin- 
ing the impact of agricultural policies 
(including these barriers) on agricul- 
ture. Although nontariff trade barriers 
are broadly catalogued, no attempt is 


1 This book was written at the start of 
the Tokyo Round of GATT negotiations. 
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Unless nontariff trade barriers are 
reduced, world markets will become 


further fragmented and the development 


of efficient, low-cost agriculture 
will be severely hampered. 








made to measure effective protection 
levels. Nor does he consider the prob- 
lems involved in measuring effective 
protection levels for nontariff trade 
barriers. The effects of agriculture 
and trade policy on output, consump- 
tion, prices, and income are crucial in 
any negotiation. Hillman does not 
analyze the economic impact of non- 
tariff trade barriers on agriculture 
beyond offering the general statement 
that they restrict trade. He does not 
discuss how one would incorporate 
nontariff trade barriers into eco- 
nomic analysis. 

My appetite was whetted. In pick- 
ing up this book I had hoped either 
to be able to analyze better the 
impacts of nontariff trade barriers or 


to find out what the impacts were. 
Instead, I found only a repetitious 
statement of the problem. What is 
said three or four different ways in 
200 pages could have been said well 
in 50. For a shorter statement of the 
problem, read chapters two through 
four, and eight. 

In two technical areas I disagree 
with Hillman although neither sign- 
nificantly affects the overall useful- 
ness of the study. In his discussion of 
the EC variable levy (pp. 81-88), he 
argues that the variable levy “‘must, 
of necessity, act like a quota.”’ Like 
Koenig (p. 203), I disagree. The levy 
limits imports, but not to any spe- 
cific level. It is a variable specific 
duty and not a quantitative barrier. 


In his analysis of tariff versus 
quota impacts, Hillman gives exam- 
ples of the imposition of quotas in 
the face of inelastic supply in the 
exporting country. However, such 
quotas do not cause the price to fall 
to the point where the exporting 
country’s supply equals its own de- 
mand, as Hillman shows. Price will be 
above that level. The country must 
export a volume equal to the import- 
ing country’s quota-constrained 
imports. 

In summary, the book raises an 
important issue, one where relatively 
little analysis has been focused. Read 
it, or parts of it, for a good statement 
of the problem. For substantive anal- 
ysis, you will have to look elsewhere. 





In Earlier Issues 


Ideas are powerful forces for change, but in social science 
they include ethical ideas of equality, democracy, and 
justice—not merely the ideas of a self-regulating mechanism 
so characteristic of natural science. 


Bushrod W. Allin 
AER, Vol. IV, No. 2, p. 59 


April 1952 


Transit is defined as the privilege of stopping a shipment 
in route to enable a process or operation to be performed 


on the article, and of reshipping to final destination at the 
through rate applicable from the original shipping point to 
destination. The impact of this device on American indus- 
try is great. 


Joseph E. Rickenbacker 
AER, Vol. IV, No. 2, p. 63 
April 1952 








RURAL POLICY RESEARCH 
ALTERNATIVES 


David L. Rogers and Larry R. Whiting 
editors, lowa State University Press, 
Ames, Iowa, 1978, 245 pages, $6.95. 








Reviewed by Melvin R. Janssen* 


In the private economic sector, 
the theory of the firm has been a 
relatively simple type of analysis. 
The goal of maximizing profits 
limited attention to the economic 
sphere. Traditionally, the number of 
decisionmakers in each firm was 
small, and effects of decisions 
external to the firm were generally 
not examined. Complexities were 
largely confined to production-mar- 
eting relationships for multiproduct 
firms. Recently, environmental and 
social concerns have widened the 
arena for private decisionmakers 
within the economic sector, although 
problems are less complex than those 
faced by public decisionmakers. 

Simple application of this theory 
of the firm is not adequate for deal- 
ing with emerging public problems. 
The realm of public services presents 
measurement problems, which include 
the level of services to be provided. 
The number of decisionmakers for 
public policy decisions is frequently 
larger than in the private firm, and 
they often conflict in their goals. A 
decision is likely to have economic, 
social, political, and psychological 
implications that do not conform to 
the theory of the firm. These prob- 
lems prompted the North Central 
Regional Center for Rural Develop- 
ment to sponsor a conference on 
Alternative Methods for Public 
Policy Research in Rural America. 
The edited papers from the confer- 
ence comprise the volume reviewed 
here. 

In the lead paper, Daft expands 
the public policymaking arena to 
include evaluative, regulatory, and 
judicial activities often overlooked. 


*The reviewer is an agricultural econo- 
mist with the Economic Development 
Division, ESCS. 


When considering why much infor- 
mation never gets through, he pro- 
poses the following seven standards 
of measurement of policy informa- 
tion: relevance, timeliness, credibility, 
clarity, conciseness, appropriateness, 
and accessibility. Much rural develop- 
ment research extends beyond the 
agricultural institutions and the 
clients with whom they traditionally 
have dealt. Policymaking and infor- 
mation systems often do not get 
properly linked. The most effective 
policy research has focused on spe- 
cific programs or policy decisions. 
Meanwhile, university research can 
contribute to policymaking because 
the university has freedom to evalu- 
ate Federal programs, can tap alter- 
native disciplines and data bases, and 
has organizational flexibility. Daft 
concludes that policymakers and 
researchers alike need to recognize 
the limits of knowledge in current 
rural development research. 

Huie recognizes that local research 
and information needs must be tail- 
ored to needs and interests of elected 
officials, program directors, policy- 
makers, or the general public. Infor- 
mation may be used to develop a 
consensus or to analyze a problem. 
Three stages are helpful: (a) clarify- 
ing the problem, (b) listing major 
alternatives, and (c) analyzing con- 
sequences of each alternative. 

Brown recognizes if policy re- 
search is to be relevant, values will 
enter into the process. In the choice 
of the problem researched, a norm 
by which behavior or conditions are 
deemed inadequate must be estab- 
lished. One must then decide who is 
entitled to satisfaction of needs and 
who ought to provide the resources 
to meet those needs. Brown suggests 
the advocacy model used in court 
proceedings as one way to deal with 
values, but he also recognizes that, 
with unequal resources of contend- 


ing groups, some values may not be 
adequately presented. 

Researchers in Ohio report on 
their study of provision of adequate 
fire protection. How much protection 
should be provided? Most answers 
were based on available inputs. But 
how much is enough when some 
losses will result despite the degree of 
protection available? The professional 
standards of the American Insurance 
Institute schedule specified adequacy 
levels for services that are subjective 
and do not measure outputs. 

Eberts and Sismondo show how 
five broad classes of social science 
research relate to policy research. 
They point to a series of relationships 
in the research process and to com- 
plexities requiring increasingly more 
data. One regional research commit- 
tee discovered that its model required 
data not readily available. For other 
models, secondary data were often 
unavailable. Some data did not mea- 
sure what the model required. As 
results can be no better than the 
weakest data set, the complex model 
gave results that appeared more 
impressive than was warranted. Dis- 
cussion has centered on improving 
data, mainly primary data. Little 
recognition has been given to devel- 
oping secondary data better suited to 
needs or to improving current data 
sets. 

Hickman and Warren discuss alter- 
native data sources and collection 
methods. They briefly summarize the 
strengths and weaknesses of alterna- 
tive field collection methods for 
primary data. 

Brooks discusses public opinion 
surveys, fully recognizing their 
strengths and weaknesses. One prob- 
lem is that people may not know 
enough to respond intelligently. 

Rural transportation problems 
require multidisciplinary team work. 
Richards and others indicate problems 
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In many institutions, the separation 
of research and extension creates 
a barrier which guarantees 


communication failure. 








of identifying regional socio-econom- 
ic characteristics and regional trans- 
portation conditions. There are diffi- 
culties in eliciting value responses on 
transportation needs from residents 
of an area and relating those responses 
to current conditions. Yet their 
experience may be useful to others. 
Land use, inevitably related to 
policy problems, often determines 
the location of social problems. 
Libby and Shelton point out that 
people live in the short run; people 
find it difficult to act when failing to 
do so has serious longrur conse- 
quences. Libby and Shelton recognize 
that decisions by researchers must be 
made quickly, although a professor- 
graduate student research team may 
move slowly. An alternate model, a 
researcher-fulltime 
associate, has proved successful in 


senior research 
many research efforts, especially 
“contract” research. 

Mikes discusses feasibility studies 
but leaves unanswered the problem 


of most public agencies—which 
studies should be undertaken? Uni- 
versities might well conduct such 
studies with costs partially covered 
by a “‘contract’’ with the appropriate 
planning agency. 

Gathering and disseminating 
appropriate information to each 
group of clients for public policy 
research is essential. Moe lists 10 
factors that impede communication 
and 6 critical factors that facilitate 
dissemination of knowledge. One 
example of successful research is the 
Northeast regional study on agricul- 
tural labor. According to the client, 
“It is a rare occurrence when results 
of research conducted by the aca- 
demic world bear such close and 
timely relationship to legislative 
proposals of the administration.” 
Regional centers should have a key 
role in improving communication 


between researchers and their clients. 


This reviewer concurs with Moe’s 
list of functions that need strength- 


ening. Yet Moe fails to point out that, 
in many institutions, the separation 
of research and extension creates a 
barrier which guarantees communica- 
tion failure. As the total university 
becomes involved in some problems, 
a new commitment by engineering, 
education, medical, and law faculties 
will be needed to provide multidisci- 
plinary research and communication. 
The problem of how to do public 
policy research has not yet been 
solved; multidisciplinary research can 
help to deal with complex problems. 
The entire university probably has a 
role here. Data problems will need 
more attention, secondary 
sources may become 
Communication problems can be 
lessened with conscious effort. Ideas 
that are not operational should be 
abandoned. Most models need to be 


and 


more useful. 


simplified. This reviewer feels that 
this book should be studied by all 
those involved in research and exten- 
sion in the public sector. 





In Earlier Issues 


At first glance, data on food expenditures and income in the United 
States in the past 20 years indicate that a larger proportion of income has 
been spent for food in this postwar period of record high incomes than in 
less prosperous years. This is contrary to what one would expect on the 


basis of Engel’s famous law . 


. . Engel’s law is generally remembered as 


stating that families with higher incomes spend a smaller proportion of 
their incomes for such necessities as food than do families with smaller 
incomes. If that is true of individual families, should it not hold for 


national averages? Engel’s law . . 


tively static .. 


. applies under conditions that are rela- 
. certain forces arising from the war (diverted) an unusually 


large proportion of .. . purchasing power to food. . . The shift of popula- 


tion from rural to urban areas and the .. 
outside the home. . 


of aggregate food expenditure to income. 


Marguerite C. Burk 
AER, Vol. III, No. 3, pp. 87, 97 


July 1951 


. increased processing of food 
. are likely to have a lasting effect on the relationship 
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The final chapter contains implica- 
tions of this concentration of eco- 
nomic power and the world’s reliance 
on these five companies to feed its 
population. 

The unique structure of the world 
grain trade raises an interesting ques- 
tion for the agricultural economist. Is 





In Earlier Issues 


The textbooks on eco- 
nomic statistics with which 
this reviewer is familiar 
describe the solution of ‘‘nor- 
mal equations”’ in terms of 
elementary methods with 
which high-school graduates 
are presumed to be familiar. 
Typically, the students work 
out a correlation problem on 
obsolete calculators, record- 
ing each individual cross- 
product, and finally solve the 
normal equations by the text- 
book method. At the end of 
this process, all but the most 
ardent have concluded that 
regression equations are pro- 
hibitively difficult to come 
by, and that “research” 
reports can be written more 
rapidly if the data are merely 
described and not analyzed. 


Karl Fox 
AER, Vol. IV, No. 2 
April 1952, p. 61 





the convention of assuming a perfect- 
ly competitive market, with a string 
of modifying conditions, the best 
way to understand and interpret the 
world grain market? Perhaps a more 
accurate market portrayal would 
result if an oligopolistic structure 
were applied. 


International grain trade is an 
anomaly of the competitive market 
model. Competition is keen, yet 
there are only a few players. The dif 
ference between good and mediocre 
timing can be fatal. The structures of 
the major companies are textbook 
examples of vertical and horizontal 
integration. The grain companies are 
equipped to meet any market circum- 
stances; depending upon price devel- 
opments, they can shift instantly 
from exporting soybeans to process- 
ing and selling meal and oil. After 
decades of diligent business acquisi- 
tions and mergers, these powerful yet 
discrete companies control practi- 
cally every facet of the marketing 
process, from inland transportation 
to storage to interoceanic shipping. 

The book raises a significant point 
regarding the structure and behavior 
of the world grain market. Experts 
are asking whether the market 
requires more public regulation and 
supervision. While economists are 
studying the welfare implications of 
proposed structural revisions of the 
market, the grain companies are 
struggling to preserve their preroga- 
tives. The failure of the grain negotia- 
tions intended to bring a degree of 
stability and order into the world 
wheat market represented a singular 
victory for the grain companies. 
Proposals for establishing a national 
grain board in the United States or 
creating a wheat exporter cartel 
threaten the power of the grain com- 
panies. Should these proposals gain 
momentum, the grain companies 
may well oppose them. 

Economists will find this book 
well written and reasonably well 
researched. Merchants of Grain is 
recommended for anyone who wants 
to understand more about the com- 
plicated and dynamic world grain 
trade market. 
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IMPORTANT NOTICE TO OUR READERS 


Recently we sent each person on our complimentary mailing list a post- 
card or memorandum asking if you want to continue to receive the 
Journal. We asked that you indicate this by returning your mailing label, 
on which you were also to show any corrections. 

Unfortunately, we are receiving back many postcards with no labels so 
that we have no idea which of you sent these postcards. Thus, we will be 
dropping from the list every name for which no label was returned. 

If you recall that you sent back a postcard or memo without your label, 
write us immediately. Include your mailing label from this issue with any 
corrections. 
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